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Background: The integration of artificial intelligence (AI) in healthcare, particularly in orthodontics, is evolving
rapidly. This study leverages a unique dataset from Thai patients undergoing Invisalign treatment to explore the
synergy between Al and clinical orthodontics.

Objective: This research aims to augment the predictability and personalization of Invisalign treatment plans via
advanced machine learning (ML) models. The focus is on enhancing clinical decision-making by predicting
treatment outcomes, identifying key influencing factors, and improving the models’ interpretability and
explainability within a framework of ethical Al

Methods: We analyzed 657 de-identified patient records from five dental clinics in Thailand. ML techniques,
including Decision Trees (DT), Random Forest (RF), XGBoost, and Artificial Neural Networks (ANNs) were
employed. Emphasis was placed on model transparency using SHapley Additive exPlanations (SHAP), integrating
clinical expertise with predictive analytics to deepen understanding of treatment dynamics.

Results: XGBoost outperformed other models in predicting Invisalign outcomes, achieving an accuracy of 93.94%,
sensitivity of 97.12%, specificity of 90.00%, and F1-score of 94.39%. SHAP analysis enhanced interpretability,
offering detailed insights into how clinical and demographic features influence predictions.

Conclusions: This research advances the precision of orthodontic treatment predictions significantly and pioneers
the ethical application of Al in orthodontic care. By improving model transparency and accountability, the study
cultivates trust among stakeholders and enhances the overall effectiveness and satisfaction associated with
treatment. This work sets a new benchmark for data-driven, patient-centric orthodontic care using a patient
dataset from Thailand.

1. Introduction

The advent of artificial intelligence (AI) in healthcare has emerged in
a transformative era, particularly within the domain of orthodontics,
where precision and patient-specific treatment are significant. Invis-
align, a system of clear orthodontic devices, has become increasingly
popular due to its aesthetic appeal and comfort. However, the efficacy of
Invisalign treatment plans encounters a significant challenge in ortho-
dontics due to the highly diverse nature of dental anatomy and patient
compliance requirements [1,2]. Unlike traditional braces, Invisalign
aligners rely on precise, incremental adjustments to move teeth as in a
staging plan, which must be planned based on detailed predictive
modelling of patient-specific orthodontic conditions. The complexity is
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compounded by factors such as the biological response of teeth to
aligning forces, properties of aligner materials, slipping motions, and the
variability in patient adherence to wearing schedules [2]. These un-
certainties make the accurate prediction of treatment outcomes chal-
lenging yet crucial for ensuring effective and efficient treatment,
necessitating the development of advanced predictive tools that enhance
treatment planning and outcome predictability [3]. Inaccuracies in
predicting treatment trajectories can result in extended treatment du-
rations, increased costs, and, in some cases, compromised treatment
effectiveness. Financially, these inaccuracies can escalate treatment
costs significantly, considering that orthodontic treatments might need
to be extended or adjusted unexpectedly [4]. Health-wise, prolonged
treatment can lead to patient discomfort, increased risk of complications
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such as tooth decay or gum disease due to extended wear of aligners, and
lower patient satisfaction [5].

Current orthodontic treatment planning with Invisalign involves
predicting tooth movements that must occur in precise increments,
planned from the outset of treatment. This process is complicated by
several factors. Such variables introduce uncertainties that can signifi-
cantly impact treatment effectiveness. Traditional methods often rely on
generalized predictions that may not account adequately for individual
variability, leading to less than optimal treatment outcomes and
frequent need for mid-course adjustments. As digital orthodontic treat-
ments evolve, the potential for machine learning (ML) to provide crucial
insights and enhance clinical decision-making has become evident [6]. A
review from 2011 to 2020 highlights a surge in studies applying Al and
ML in Orthodontics [7]. Orthodontic studies employing Al have pre-
dominantly concentrated on automating the detection of anatomical
landmarks to enhance diagnostic accuracy and streamline treatment
planning [8]. These applications significantly contribute to precision
aligning treatments with individual growth patterns and expected
treatment outcomes. However, much focus has remained on diagnostic
support and procedural planning.

Previous studies employed algorithms, including Artificial Neural
Networks (ANNs) and regression analysis, in the Invisalign treatment
planning [9]. The current research efforts and limitations in ML models
applied to dental care, and an overview of clinical problems, have been
presented in the Appendix. The summary table in the study, as shown in
Appendix J, provides a valuable overview of existing machine learning
(ML) applications in dental informatics, demonstrating how various al-
gorithms have been employed for different clinical problems. While ML
has been successfully applied to tasks such as cephalometric landmark
detection, mandibular morphology prediction, and periodontal disease
classification, its application in orthodontics, particularly in treatment
planning, remains limited. The studies listed in the table predominantly
focus on diagnostic and classification tasks rather than predictive
modeling for treatment success, highlighting a significant gap in the
field.

One of the key challenges noted in previous ML applications in or-
thodontics is the lack of interpretability. Many of the models referenced
in the table rely on complex neural networks, such as convolutional
neural networks (CNNs) [10] and artificial neural networks (ANNSs)
[11], which often function as “black boxes.” This opacity makes it
difficult for clinicians to understand how the models arrive at their
predictions, which is a critical barrier to adoption in clinical settings
[12]. The absence of explainable Al techniques in these studies limits
their practical applicability, as orthodontic treatment decisions require
transparency and justifiable reasoning, as shown in Appendix J.

This study addresses these limitations by integrating SHapley Addi-
tive exPlanations (SHAP) into the ML framework for Invisalign treat-
ment planning. By employing SHAP, the study enhances model
interpretability, allowing clinicians to visualize the impact of individual
predictors on treatment outcomes. The inclusion of SHAP distinguishes
this research from previous studies as it provides a novel approach to
bridging the gap between ML precision and clinical explainability.

By utilizing a dataset composed of real patient records from
Thailand, this research not only adds a geographical specificity to its
findings but also enhances the relevance and applicability of its results
to similar demographics.

1.1. Evolution of machine learning techniques and orthodontics

In orthodontic research, commonly used AI algorithms, including
ANNSs, convolutional neural networks (CNNs), support vector machines
(SVM), and regression analysis, have markedly influenced the field [7].
These models have shown varied adoption and effectiveness, with
certain nuances in their application specifically to orthodontics and,
more critically, to Invisalign treatment [13].

The Random Forest (RF) model, an ensemble technique building on
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the Decision Tree (DT) ’s foundation, has gained traction due to its su-
perior accuracy and robustness against overfitting [14]. As demon-
strated by Malaga and Alvaro (2023), they showcased RF’s efficacy in
segmenting Invisalign treatment durations into clinically relevant
timeframes, considering variables like patient age and specific dental
movement [9]. This model’s capacity to integrate a vast array of inputs,
including 3D dental movements, offers a significant improvement over
simpler models [9,15].

ANNSs, for instance, excel in modeling complex interactions within
treatment data but require substantial expertise to deploy effectively,
which limits their broader use [16]. In contrast, XGBoost’s application,
while still nascent, promises substantial benefits due to its scalability
and high performance on structured data [17]. Studies such as those by
Wang et al. (2022) and Lu Xing et al. (2023) highlight XGBoost’s po-
tential in orthodontic predictive modeling, demonstrating its ability to
enhance treatment outcome predictions through detailed feature anal-
ysis. [18,19]. This evolution reflects a broader trend of leveraging so-
phisticated data analysis techniques to improve the precision of
Invisalign treatment outcomes, supporting the integration of Al in ways
that are both scientifically rigorous and aligned with clinical needs. The
ongoing challenge lies in balancing the sophistication of these models
with the need for interpretability and ethical Al practices.

1.2. Explainable artificial intelligence (XAI) and orthodontics

Explainable Al provides an explanation of internal functions and
presents the model that is understandable by humans or decision
makers. It aims to ensure that users can comprehend, trust, and effec-
tively oversee the new wave of Al systems [20]. The integration of ML in
Invisalign treatment planning has marked a significant advancement in
orthodontics, providing sophisticated predictive tools that refine treat-
ment outcomes. Nonetheless, the efficacy of these ML models extends
beyond mere predictive accuracy; it also critically considers their
interpretability and explainability [21]. These aspects are fundamental
in ensuring that ML-driven decisions are transparent, comprehensible,
and aligned with the intricate demands of orthodontic care. Interpret-
ability, as outlined by Kazimierczak et al. (2024), involves the extent to
which the rationale behind a model’s decision can be understood by a
human [22]. In the orthodontic context, where treatment decisions have
profound implications on patient health and satisfaction, the ability to
illustrate the algorithmic recommendations ensures that clinicians can
integrate machine-suggested pathways with established clinical exper-
tise and ethical standards, promoting informed decision-making [23].

Explainability, a central pillar of XAl, concerns the degree to which
the operations of ML models are transparent, elucidating how data in-
puts are processed into outputs [24]. In the specialized field of ortho-
dontics, where treatment is highly tailored to individual needs, grasping
the underpinnings of ML predictions is crucial. This clarity builds trust
and supports informed consent. The application of SHAP (SHapley Ad-
ditive exPlanations), investigated by Sheu et al. (2022), exemplifies how
individual features affect model predictions, thereby enhancing trans-
parency [25]. These comprehensive explanations enable clinicians to
effectively articulate the logic behind algorithm-based recommenda-
tions to patients.

Recent studies, by Lee et al. (2024) and Gomez-Rios et al. (2023),
highlight a growing inclination toward adopting more explainable and
interpretable ML methodologies in orthodontics [26,27]. This trend is
propelled by the need to align Al-generated treatment strategies with
detailed clinical insights and patient-specific factors, ensuring that Al
deployments are not merely data-centric but also adhere to ethical and
clinical standards. The integration of these evaluative and explanatory
frameworks, characteristic of XAl, is imperative for the progression of
ML in orthodontics. It ensures that the incorporation of these technol-
ogies into clinical practice is scientifically solid and practically
advantageous.

The objective of this work is twofold: firstly, to develop and validate



S. Trakulmututa and K.T. Win

ML models that can predict Invisalign treatment outcomes with high
accuracy, and secondly, to ensure these models adhere to the principles
of ethical Al by being transparent and understandable to clinicians. This
dual focus aims to bridge the gap between technological innovation and
practical orthodontic applications, ensuring that the benefits of Al are
realized in a manner that supports clinical needs and upholds ethical
standards.

The motivation behind selecting specific machine learning models
for this study stems from their proven capabilities in handling complex,
multidimensional data typical in orthodontic treatment scenarios. Ma-
chine learning models like Decision Trees (DT), Random Forest (RF),
XGBoost, and Artificial Neural Networks (ANNs) were chosen for their
robustness in extracting patterns and making predictions from complex
datasets. These models are particularly adept at managing the non-linear
relationships and high dimensionality found in orthodontic data, which
includes variables ranging from patient anatomical features to behav-
ioral factors influencing treatment compliance.

DT and RF are favored for their interpretability and ease of use,
providing clear insights into decision-making processes by illustrating
the paths taken to reach a prediction. XGBoost offers exceptional per-
formance and efficiency, handling large datasets with speed while
providing configurable options to balance bias and variance effectively.
ANNs are selected for their ability to model intricate relationships
through their layered structure, making them suitable for capturing the
subtle nuances in treatment response, which are often missed by more
straightforward models.

SHapley Additive exPlanations SHAP analysis provides the explan-
ability of the blackbox nature of neural networks by providing expla-
nations of features and their importance. The fundamental value of
SHAP analysis lies in its ability to deconstruct the output of complex
machine learning models into understandable contributions of each
feature [28]. This is especially crucial in orthodontics, where clinicians
must make precise and personalized decisions based on a variety of
factors. The application of SHAP analysis in orthodontics goes beyond
just enhancing understanding. It directly contributes to building trust
and facilitating communication between clinicians and patients. By
making AI’s decision-making process transparent, SHAP ensures that the
predictions generated by algorithms, such as those predicting tooth
extraction in orthodontic planning [29]. Instead, they are seen as
credible and scientifically substantiated. This aspect of SHAP is partic-
ularly significant in an era where patient involvement in treatment de-
cisions is increasingly encouraged. Patients are more likely to feel
confident about the course of their treatment when they can understand
the reasoning behind the proposed plans. Ultimately, SHAP not only
bolsters the precision of orthodontic treatments but also enhances pa-
tient satisfaction and adherence by clarifying how personalized treat-
ments are devised and optimized based on individual data [30].
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2. Methods

Our methodological framework is designed to leverage the full po-
tential of ML technologies to refine and enhance the predictive accuracy
of Invisalign treatment planning, as shown in Appendix B. This study
adopts Design Science Research (DSR) as the overarching research
methodology, which provides the structure for problem identification,
artifact (model) development, evaluation, and communication. Within
this methodological cycle, the Cross-Industry Standard Process for Data
Mining (CRISP-DM) is employed as the structured process model to
guide the technical implementation of machine learning workflows.
DSR ensures methodological rigor and clinical relevance, while CRISP-
DM operationalizes the technical steps of model development.

2.1. Data context and integration

The Cross-Industry Standard Process for Data Mining (CRISP-DM)
approach established a process model that offers a structured framework
for executing data mining projects. This framework is designed to be
independent of the industry sector and the technology employed. [31].
This study employs a robust methodology rooted in the principles of
CRISP-DM to construct predictive models for Invisalign treatment out-
comes, as shown in Table 1 and Appendix A. A comprehensive dataset
was compiled from 657 anonymized orthodontic treatment records from
five diverse dental clinics across Thailand.

2.2. Ethics approval and data protection

This study received approval from the University of Wollongong
Health and Medical Human Research Ethics Committee (Approval
#2023/328), ensuring that all research activities conform to the highest
ethical standards.

2.3. Data attributes

The dataset includes extensive attributes ranging from basic de-
mographic details to complex treatment-specific information, as shown
in Table 2, such as the type and duration of Invisalign treatments. Each
record is categorized into outcomes labeled as “Success” or “Failure,”
with failure indicating the need for additional aligners beyond the plan.
The distribution of the target variable in our dataset reveals a near-
balanced split with 52.2 % of cases classified as successful Invisalign
treatments and 47.8 % as failures.

2.4. Data preprocessing and handling of missing values
Our research utilized machine learning techniques to develop pre-

dictive models for orthodontic treatment outcomes, as Appendix C
shows. We chose Python for its robust ecosystem of data science

Table 1
Machine learning development and CRISP-DM.
Phase Description Focus Outcome
1 Business Identified the need to enhance Invisalign treatment plan predictability Ethical Al Improved patient outcomes with ethical Al

Understanding through consultations and literature review.
2 Data Analyzed 657 de-identified orthodontic records to scope key trends and
Understanding related factors influencing treatment outcomes.

3 Data Preparation

4 Modeling
high interpretability and ethical AI alignment.
5  Evaluation
to ensure transparent and explainable insights.
6  Deployment

visualization.

Cleaned and preprocessed data using techniques like median imputation and
one-hot encoding to ensure suitability for machine learning.
Developed and tested DT, RF, XGBoost, and ANNs, focusing on models with

Assessed model performance using metrics like accuracy and SHAP analysis

Integrated models into a clinical decision support system (CDSS) prototype
and obtained feedback from domain experts, emphasizing explainability and

Key Trends / Factors. Insights into treatment outcomes
Structured and clean dataset ready for
modeling

Robust, interpretable models aligned with
ethical standards

Validated models with transparent insights

Data Suitability

High Interpretability /
Ethical Al
Transparent /
Explainable Insights
Explainability /
Visualization

Feedback from experts, enhancing user trust
and model transparency without real clinical
trials
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libraries, as shown in Appendix H. The data, derived from de-identified
records from private dental clinics across Thailand, underwent rigorous
preprocessing to ensure its readiness for effective analysis and model-
ling. An essential part of this preprocessing was the transformation of
categorical variables into numerical formats through one-hot encoding.
This encoding method is crucial as machine learning algorithms require
numerical input to perform optimally, ensuring both enhanced inter-
pretability and model accuracy [32,33].

In our dataset, missing data was a notable challenge, particularly in
the variables “Treatment Time” and “Number of Aligners.” To mitigate
the potential biases and preserve the integrity of our dataset, we
employed median imputation. This method was selected due to its
resilience against outliers, ensuring that the extreme values did not skew
the results [34]. This approach is particularly suitable for our clinical
dataset, where the distribution of data can be asymmetrical and outliers
are common [35].

For the variables in question, missing values constituted approxi-
mately 1.52 % for “Treatment Time” and 0.76 % for “Number of
Aligners.” Handling these missing entries effectively was crucial since
both attributes are significant predictors of Invisalign treatment success.
The use of median imputation involved replacing missing values with
the median of existing values for each attribute, thus maintaining the
central tendency of the data distribution without the influence of
outliers.

This method not only helped preserve the full dataset for analysis but
also ensured the robustness of our statistical findings by maintaining the
sample size and preventing the biases that could arise from listwise
deletion, as shown in Appendix D and E. Listwise deletion could
potentially lead to a reduction in sample representativeness, especially if
the missingness is systematically related to other key variables [36]. By
opting for median imputation, we upheld the accuracy and generaliz-
ability of our study’s outcomes, adhering to recommended practices in
clinical and epidemiological research for handling missing data [37].

Incorporating this method aligns with our commitment to upholding
the highest standards of data integrity and reliability in our predictive
modeling, essential for ensuring that our findings are both scientifically

Table 2
A summary of data attributes and related information.
Attributes Data Description
type
1 ID Integer An anonymized identifier assigned to each
patient record
2 Year Integer The year in which the patient’s treatment
commenced.
3 Dentist Nominal Classification of the dentist’s expertise,
whether a general dentist or an orthodontist.
4 Age Integer The age of the patient at the start of
treatment.
5 Gender Nominal The gender of the patient.
6 Submission Nominal The method used to obtain the dental
processes impressions or scans for the aligners.
7 Classification Nominal The classification of dental malocclusion
includes Class I, Class II-1, Class II-2, and
Class IIL.
8 Submission Nominal The specific format in which the Invisalign
option production was ordered, including options
like Full, Lite, I-7, or Teen.
9 Treatment time Real Recorded in months, this is the duration of

the initial set of treatments as planned.
10  No. of aligners Integer The total number of upper aligners used in
(Max) the first phase of treatment.

11  No. of aligners Integer The total number of lower aligners used in
(Mand) the first phase of treatment.
12 Wearing time Real The duration, typically in days, for which
each pair of aligners was worn.
13 Result Nominal Evaluation of how effectively the treatment

planning software predicted the treatment
course and outcomes
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valid and practically applicable in clinical settings. This step is part of
our broader data preprocessing efforts, which are critical in laying a
solid foundation for the successful application of machine learning
techniques in our research.

Accuracy and integrity of data are critical in clinical research focused
on predicting orthodontic treatment outcomes. To address missing data,
we utilize median imputation, recognized for its robustness and appro-
priateness for our numerical datasets. This technique replaces missing
entries with the median value of the available data for each attribute,
thereby preserving the central tendency and avoiding distortion by
outliers, as validated by Schafer and Graham (2002) [38].

In addition, Patient ID was treated strictly as an identifier and
excluded from all model training and SHAP interpretability analyses to
prevent data leakage and distortion of feature importance. Only clini-
cally relevant variables (e.g., treatment time, number of aligners, sub-
mission options, age, and wear time) were included in the modeling
pipeline.

2.5. Machine learning algorithm selection

The selection of ML algorithms is tailored to meet the specific re-
quirements of predictive modeling in orthodontics. DT is chosen for its
simplicity and ease of interpretation, making it highly suitable for
clinical environments where decisions must be transparent and easily
understandable. To address the limitations of DT, particularly over-
fitting, we integrate RF, an ensemble method that effectively enhances
predictive accuracy and handles complex, high-dimensional datasets.
ANN is deployed to capture intricate non-linear relationships within
large datasets, offering deep insights into complex treatment dynamics.
Additionally, XGBoost is selected for its high performance, especially in
managing overfitting and excelling in structured data analysis. These
models are developed and assessed using Python.

2.5.1. Decision Tree DT

Decision Trees (DTs) have been selected for their transparency and
simplicity, offering clear, visual representations of decision-making
processes through binary rules [39]. This quality renders them partic-
ularly valuable in clinical environments where outcomes must be easily
interpretable by healthcare professionals, and communication of how
decisions are derived, which is crucial for clinical decision support
systems.

The development of the Decision Tree (DT) model is correspondingly
aligned with the objectives of predictability and interpretability, crucial
in medical contexts. The Decision Tree classifier was chosen for its
simplicity and clarity, making it ideal for clinical environments where
decisions need to be both interpretable and justifiable. The initial data
preparation involved converting certain columns to numeric formats
and handling missing values, followed by encoding categorical vari-
ables. This preparation is vital as it ensures the data is apt for machine
learning applications, directly impacting the effectiveness of the pre-
dictive models.

The Decision Tree was trained using the Python Scikit-learn library’s
GridSearchCV, optimizing hyperparameters such as “max_depth”,
“min_samples_split”, and “min_samples_leaf’. The optimal “max_depth”
determined was 20, to balance the model’s complexity and generaliz-
ability, thus capturing essential data patterns effectively. The model
underwent critical evaluation using metrics like accuracy, sensitivity
(recall), specificity, and F1l-score on 30 % of the test data, ensuring
robustness and reliability.

Visualization techniques such as the “plot_tree” function simplified
the understanding of the model’s decision-making process, while the
graphical representation of feature importance helped communicate key
predictive variables. These methods enhance the model’s interpret-
ability, supporting its practical application in clinical settings where
clear explanations are necessary. Overall, the project’s approach ensures
that the Decision Tree model is not only effective and efficient but also
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transparent and comprehensible for end-users in real-world medical
scenarios.

2.5.2. Random Forest RF

Random Forest (RF), an ensemble of decision trees, is utilized for its
robustness in handling large datasets and its capability to enhance
prediction accuracy while mitigating the risk of overfitting, which is a
common challenge with single decision trees [40]. By aggregating the
predictions of multiple decision trees, RF provides more stable and
reliable predictive performance, making it well-suited for complex
medical predictive tasks where high reliability is crucial.

The RF model, renowned for its robustness against overfitting
through its ensemble approach of multiple decision trees, was meticu-
lously chosen to handle the complexities inherent in medical data
effectively.

The data preparation phase involved the conversion of select col-
umns to numeric formats, handling of missing values, and encoding of
categorical variables to prepare the dataset for advanced machine
learning operations. This thorough preparation ensures the data’s
compatibility with the sophisticated requirements of the RF model.
Following this, the model was trained using the GridSearchCV function
from the Scikit-learn library, optimizing crucial hyperparameters such
as “n_estimators”, “max_depth”, “min_samples_split”, and
“min_samples_leaf”.

To address any potential imbalance and enhance model perfor-
mance, the Synthetic Minority Over-sampling Technique (SMOTE) is
employed. The technique helps to balance the class distribution without
introducing duplicate records, maintaining the diversity of the data.
This mitigates the risk of the model being biased toward the majority
class, improving its ability to correctly classify both successful and failed
treatments. This approach ensures that the predictive framework re-
mains robust and reliable, facilitating its application in a clinical setting.
The training process, particularly the use of SMOTE for balancing the
dataset, highlights the project’s alignment with DSR principles,
emphasizing systematic parameter optimization to enhance model
performance.

The RF model’s effectiveness was evaluated through various metrics
such as accuracy, sensitivity (recall), specificity, and F1-score, show-
casing its robustness and reliability for clinical deployment. Enhanced
interpretability was achieved through the visualization of feature
importance and simplified decision tree diagrams, making the model’s
decisions accessible and understandable. These visualizations not only
clarify the model’s internal mechanics but also facilitate its practical
application in clinical settings where clear, interpretable results are
paramount. The project’s approach, by aligning with established data
science practices and focusing on the model’s practical application in
real-world scenarios, ensures that the RF model is not only technically
sound but also practically relevant in medical contexts.

2.5.3. Artificial Neural networks ANNs

Artificial Neural Networks (ANNs), known for their proficiency in
modelling complex nonlinear relationships, are employed to manage the
intricate and multifaceted nature of medical data [41]. ANNs’ ability to
learn from vast amounts of data and capture subtle patterns makes them
indispensable for tasks where traditional statistical methods might
falter. Their deep learning capabilities enable the handling of unstruc-
tured data types common in medical settings, such as free-text clinical
notes or imaging [42].

The development of an Artificial Neural Network (ANN) model is
designed to meet the accuracy and interpretability needed in medical
settings. The model development starts with thorough data pre-
processing, including numerical conversion of variables, missing value
imputation, and categorical feature encoding, optimizing the dataset for
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neural network training. The ANN is then trained on a normalized
dataset, with architecture settings such as hidden layer sizes and itera-
tion numbers finely tuned to effectively capture data patterns.

Post-training, the model’s effectiveness is evaluated using metrics
such as accuracy, sensitivity (recall), specificity, and F1-score, supple-
mented by the generation of a Receiver Operating Characteristic (ROC)
curve to assess its discriminatory ability. The ROC curve and the area
under the curve (AUC) provide deeper insights into the model’s per-
formance across various thresholds, reflecting its capability to distin-
guish between classes effectively. Moreover, the integration of SHAP
(SHapley Additive exPlanations) further enhances the model’s trans-
parency, illustrating the impact of each feature on the predictive out-
comes. This detailed evaluation ensures that the ANN not only meets the
high standards required for medical diagnostics but is also interpretable,
making it a valuable tool for clinical decision-making.

2.5.4. Xgboost

XGBoost has been integrated into the framework for its exceptional
performance in scenarios involving imbalanced datasets, which are
typical in medical diagnostics, where certain conditions or outcomes are
rare [43]. XGBoost’s gradient boosting framework optimizes predictive
accuracy by sequentially correcting the mistakes of prior trees, focusing
on difficult-to-predict instances, and effectively improving the model’s
performance over iterations [44].

The development process began with thorough data preparation,
including the conversion of certain columns to numeric formats,
addressing missing values, and encoding categorical variables. This
preparation was critical to ensure the data’s suitability for the sophis-
ticated algorithms used in XGBoost. Following data preparation, the
XGBoost model was trained, with hyperparameters such as tree depth
and learning rate optimized using GridSearchCV. This optimization
helped in fine-tuning the model to achieve the best balance between bias
and variance, enhancing its predictive accuracy and generalizability
across different medical scenarios.

The model’s performance was evaluated using a variety of metrics,
including accuracy, sensitivity (recall), specificity, and F1-score,
reflecting its effectiveness in a real-world clinical setting. Additionally,
the integration of SHAP (SHapley Additive exPlanations) provided in-
sights into the contribution of each feature to the prediction outcomes,
enhancing the model’s transparency and interpretability. This is crucial
in medical settings where understanding the rationale behind diagnostic
predictions is as important as the accuracy of the predictions themselves.

These algorithms were systematically chosen to ensure a compre-
hensive evaluation of the dataset, encompassing various machine
learning paradigms to address different aspects of the predictive
modeling task. Each model underwent training and validation processes,
adhering to a 70/30 training/testing data split, reflecting the CRISP-
DM’s emphasis on critical data evaluation. Performance metrics such as
accuracy, precision, recall, and F1-score were calculated to assess and
compare the effectiveness of each algorithm, providing insights into
their respective strengths and suitability for the specific challenges
posed by the medical dataset. This multi-model approach not only fa-
cilitates a thorough understanding of each algorithm’s potential but also
aids in determining the most appropriate model or ensemble of models
for deployment in clinical settings, ensuring the reliability and validity
of the predictions in practical applications.

2.6. Performance evaluation

The models underwent testing and validation to assess their pre-
dictive accuracy and robustness. A 70/30 split was used for training and
testing datasets. In this study, several classification metrics were
employed to evaluate model performance, including accuracy,
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sensitivity (recall), specificity, precision (positive predictive value), and
Fl-score. To ensure clarity across clinical and technical audiences, it is
important to note that recall is mathematically equivalent to sensi-
tivity, representing the model’s ability to correctly identify true positive
outcomes—specifically, cases in which Invisalign treatment is predicted
to be successful.

While precision indicates the proportion of correctly predicted
successful outcomes among all positive predictions, specificity captures
the ability of the model to correctly classify unsuccessful treatment cases
(true negatives). Including both sensitivity and specificity ensures a
more clinically balanced evaluation, where minimizing false positives
and false negatives is crucial for optimizing treatment decisions and
resource allocation.

These metrics were selected not only for their technical relevance but
also for their alignment with clinical outcome assessment. For consis-
tency, these terms have been harmonized across Tables, Figures, and the
Discussion section to support both data science rigor and clinical
interpretability.

2.7. Mitigating overfitting in predictive modeling

In response to the inherent risks of overfitting associated with com-
plex models like XGBoost and ANN, particularly when dealing with
smaller datasets, our study has deployed several advanced techniques to
enhance the generalizability of our predictive models. The dataset,
encompassing records from 657 patients across five dental clinics in
Thailand, presents unique challenges due to its limited size and the high
dimensionality of the models employed.

2.7.1. Cross-Validation methods

To ensure robustness and reliability, k-fold cross-validation was
extensively applied. This technique not only tests the models’ stability
and performance across different data subsets but also ensures that they
are capturing underlying patterns rather than merely memorizing the
data. Such validation is crucial for affirming the consistency and accu-
racy of the model predictions across various clinical settings.

2.7.2. Regularization strategies

In the training phases of our ANN models, dropout regularization
played a pivotal role. By randomly disabling neurons during the learning
process, this technique prevents the model from becoming overly
dependent on specific features, thus promoting a more generalized
learning process. This approach is essential for developing models that
perform reliably on new, unseen datasets.

2.7.3. Hyperparameter optimization

Through rigorous and methodical hyperparameter tuning, including
both grid and random search techniques, we finely adjusted the pa-
rameters of our models, particularly XGBoost. Critical parameters like
the maximum depth of the trees and the minimum child weight were
optimized to strike an ideal balance between model complexity and
predictive power, enhancing the models’ generalizability.

2.7.4. Model Simplification

To further reduce the risk of overfitting, we simplified our models by
pruning unnecessary inputs and reducing the complexity of network
architectures. This strategy focuses the learning process on the most
impactful features, which is vital for maintaining predictive accuracy
without overfitting noise in the data.

2.7.5. Early stopping mechanism

We integrated early stopping in our training protocols to curtail the
learning process as soon as the validation performance begins to dete-
riorate. This technique is instrumental in preventing the models from
overfitting by monitoring their performance on a held-out validation set
and stopping training before deterioration sets in.

International Journal of Medical Informatics 206 (2026) 106139
2.8. Ethical and practical implementation

Our research introduces a novel Clinical Decision Support Model
(CDSM) specifically engineered for enhancing Invisalign treatments
through machine learning techniques. The proposed study ensures the
ethical AI perspectives as it identifies the value perspectives for con-
ducting the study, adopting the CRISPDM and DSR as shown in
Appendices F and G. The data attribute selection and modelling is
conducted by the domain expert who is trained in orthodontics and
health informatics, thus understanding the clinical importance of the
data and the model. Thus, the decision model developed in this study
applies the domain knowledge, appropriate attribute selection and
different model development, ensuring transparency of the model,
interpretability and support in decision making for clinicians.

Documentation of Al model predictions is crucial for transparency
and accountability in clinical settings. The study describes how the
model was developed, the data that was trained on, the statistical ac-
curacy of its predictions, and its limitations. To promote usability and
interpretability, a clinician-facing interface (Figs. 1-3) was designed,
allowing input of treatment parameters and displaying real-time pre-
dictions (success or failure). This interactive dashboard supports trans-
parent documentation and explainable decision-making, enabling
clinicians to interpret predictions without relying solely on opaque
algorithmic outputs.

2.9. Model-specific explanations and interpretability analysis

Recognizing the critical need for interpretability and explainability
in clinical applications of ML, we implement SHAP analysis alongside
other techniques like tree-based models and Receiver Operating Char-
acteristic (ROC) curves. SHAP enhances the transparency of complex
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models such as XGBoost and ANNs by depicting how individual features
impact predictions, offering a detailed view of feature importance. Tree-
based models further aid in understanding the decision-making process
by visually representing decision paths, while ROC curves evaluate the
sensitivity and specificity of models, as shown in Appendix H and 1.

By merging technological innovation with orthodontic expertise, our
framework sets a new standard for personalized orthodontic care,
aligning with the current trends toward precision medicine in ortho-
dontics. This strategic approach not only optimizes Invisalign treatment
outcomes but also fosters a deeper integration of data-driven method-
ologies in clinical practice, paving the way for enhanced patient-centric
care in orthodontics. This will not only enhance treatment accuracy but
also improve patient satisfaction by tailoring interventions to individual
needs.

3. Results
3.1. Performance parameters and model evaluation

Our investigation into DT, RF, ANN, and XGBoost models has
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significantly enhanced the precision of predicting Invisalign treatment
outcomes. The XGBoost model, in particular, demonstrated superior
performance, achieving an accuracy of 93.94 %, sensitivity (recall) of
97.12 %, specificity of 87.88 %, and a positive predictive value (preci-
sion) of 91.82 %. These metrics, alongside a detailed analysis of the
confusion matrix (Fig. 4), validate the model’s capacity to accurately
classify both successful and unsuccessful treatment outcomes. The
confusion matrix further highlights the model’s ability to minimize false
positives and false negatives—an essential aspect in clinical settings
where incorrect predictions can lead to suboptimal treatment planning
or patient dissatisfaction.

3.2. Cross-Validation and final model assessment

3.2.1. Decision Tree model Validation: K-fold Cross-Validation and holdout
comparison

To validate the generalizability and stability of the proposed Deci-
sion Tree (DT) model, a 5-fold stratified cross-validation was conducted.
This evaluation framework allowed the dataset to be partitioned into
five equal subsets while preserving class distribution. The model was
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Fig. 4. Confusion matrix of ML development (a. DT, b. RF, c. ANN, and d. XGBoost).
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trained on four subsets and validated on the remaining fold, rotating
iteratively across all folds. The results demonstrated consistent perfor-
mance, with an average accuracy of 87.67 % (+2.11), sensitivity of
87.18 % (£2.09), specificity of 86.91 % (+£2.42), positive predictive
value (PPV; formerly precision) of 89.03 % (+2.38), and an F1-score of
88.08 % (+1.96), as visualized in the corresponding box plot (Fig. 5).
These metrics indicate that the model maintained balanced sensitivity,
specificity, and PPV throughout multiple data splits, suggesting a reli-
able learning process.

Furthermore, a comparative bar chart (Fig. 6) illustrates the align-
ment between cross-validation results and the final evaluation metrics
derived from a separate holdout test set. The final DT model achieved
superior performance with an accuracy of 90.91 %, sensitivity of 94.23
%, specificity of 81.82 %, PPV of 89.09 %, and an F1-score of 91.59 %.
The marginal performance gains observed in the test set, particularly in
sensitivity and F1-score, highlight the model’s strong predictive capa-
bility on unseen data while minimizing overfitting. This dual evaluation
approach strengthens the credibility of the proposed model and re-
inforces its potential utility in supporting clinical decision-making for
orthodontic treatment planning.

3.2.2. Random Forest model Validation: K-fold Cross-Validation and
holdout comparison

To rigorously evaluate the generalizability of the developed Random
Forest (RF) model for orthodontic treatment outcome prediction, a 5-
fold stratified cross-validation strategy was implemented in addition
to the conventional holdout test set evaluation. The cross-validation
results yielded a strong average performance across all folds, with an
accuracy of 89.95 % (£1.78), sensitivity of 89.79 % (+1.62), specificity
of 86.98 % (+2.10), positive predictive value (PPV; formerly precision)
of 91.02 % (£3.56), and an F1-score of 90.35 % (+1.54). These figures
are illustrated in Fig. 7 using box plots to visualize metric dispersion, and
the comparative bar chart in Fig. 8 highlights the consistency between
the final model’s test performance and cross-validation averages.

The final RF model, tested on the holdout dataset, demonstrated
even slightly superior results—an accuracy of 90.40 %, sensitivity of
93.27 %, specificity of 86.0 %, PPV of 88.99 %, and an F1-score of 91.08
%. These results affirm the model’s robustness and stability across un-
seen data, with only minor variance from the cross-validation means.
The slight fluctuations are within acceptable bounds and do not indicate
overfitting. This dual-evaluation framework enhances the methodolog-
ical integrity and reinforces the clinical applicability of the RF model in
supporting data-driven orthodontic treatment decisions.

I\/g)%c%el Performance Across 5-Fold Cross-Validation (Decision Tree)

ST T |

0.88

0.86 i
0.84 l

Accuracy

Score

L i l

Sensitivity Specificity PPV F1 Score

Fig. 5. Performance distribution of the Decision Tree model across 5-fold cross-
validation (showing accuracy, sensitivity, specificity, positive predictive value
(PPV), and F1-score. The balanced spread of sensitivity and PPV across folds

indicates robust and consistent performance.).
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3.2.3. ANN model Validation: K-fold Cross-Validation and holdout
comparison

To evaluate the generalizability and consistency of the ANN-based
predictive model, a 5-fold stratified cross-validation was employed in
parallel with the conventional holdout test set approach. The results of
the cross-validation process yielded stable and commendable perfor-
mance metrics with an average accuracy of 82.30 % (£4.20), sensitivity
of 88.90 % (43.60), specificity of 82.50 % (+-4.00), positive predictive
value (PPV; formerly precision) of 80.10 % (+3.90), and an F1-score of
84.40 % (+4.20), as shown in Fig. 8. These scores suggest strong
sensitivity with moderate PPV and balanced specificity across the vali-
dation folds.

When benchmarked against the final test set evaluation, the ANN
model achieved an accuracy of 84.34 %, sensitivity of 88.46 %, speci-
ficity of 81.00 %, PPV of 82.88 %, and an F1-score of 85.58 %, indicating
consistent and slightly improved results compared to the cross-
validation averages. The accompanying bar chart (Fig. 10) provides a
visual comparison between the average K-Fold scores (with standard
deviation) and final test metrics, highlighting the ANN model’s capacity
to maintain reliable predictive performance across unseen subsets. This
dual-validation strategy confirms the model’s applicability to broader
clinical contexts with reduced risk of overfitting.

3.2.4. Xgboost model Validation: K-fold Cross-Validation and holdout
comparison

To ensure the robustness and generalizability of the XGBoost clas-
sifier, a 3-fold stratified cross-validation was conducted in parallel with
the holdout test set evaluation. The model demonstrated stable and high
average performance across the folds, yielding an accuracy of 90.41 % (
+1.63), sensitivity of 90.10 % (+2.47), specificity of 87.50 % (+2.20),
positive predictive value (PPV; formerly precision) of 91.44 % (+1.57),
and an F1-score of 90.74 % (+1.59). These consistent results suggest
that the model generalizes well to unseen subsets of data, as shown in
Fig. 11.

Moreover, the final evaluation on the test set resulted in an even
higher accuracy of 94.44 %, sensitivity of 98.08 %, specificity of 83.33
%, PPV of 91.89 %, and an F1-score of 94.88 %. The small deviation
between the cross-validated and holdout metrics confirms the model’s
strong predictive capacity while minimizing concerns of overfitting, as
shown in Fig. 12. The combination of ensemble learning strength and
regularization inherent to XGBoost appears well-suited for modeling
complex patterns in orthodontic treatment success prediction.

3.3. Explainable Artificial intelligence (XAI) in orthodontic predictive
modeling

3.3.1. Tree-Based model explainability

Tree-based models like RF and DT inherently offer transparent de-
cision paths, making them especially valuable in clinical settings for
their explainability, as shown in Fig. 13. This feature enables ortho-
dontists to comprehend the reasoning behind each model prediction,
fostering a deeper trust in Al-driven decisions. Feature importance vi-
sualizations from these models emphasize 'Treatment Time’ as the most
critical factor, underscoring its impact on treatment success.

3.3.2. Sensitivity evaluation using ROC curves

The sensitivity and specificity of our models were assessed using
Receiver Operating Characteristic (ROC) curves, particularly for the
ANN models, as shown in Fig. 14. These curves provide essential insights
into the models’ diagnostic accuracy, ensuring their appropriateness for
clinical use and upholding the standards of ethical Al

3.3.3. Xgboost predictive performance visualization

The XGBoost distribution graph presented in this study offers a
detailed look at the predictive accuracy and variability of the model, as
shown in Fig. 15. It showcases the mean predicted values along with
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. 96I\{Iodel Performance: Final Test vs K-Fold Cross-Validation (Decision Tree)
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Fig. 6. Comparative evaluation of the Decision Tree model: final holdout test set vs. 5-fold cross-validation averages (with standard deviations). Metrics include
accuracy, sensitivity, specificity, PPV, and F1-score. The final model demonstrates slightly higher sensitivity and F1-score than the cross-validation average, con-
firming strong predictive performance on unseen data while maintaining clinical interpretability.
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Fig. 7. Performance distribution of the Random Forest model across 5-fold cross-validation. (showing accuracy, sensitivity, specificity, positive predictive value
(PPV), and F1-score. The narrow dispersion across folds highlights the stability and consistency of the model’s performance.).

their standard deviations, crucial for evaluating the model’s consistency
and reliability. This visualization serves as a practical tool for clinicians,
providing them with a clear understanding of the model’s performance
across diverse scenarios. It reinforces the model’s robustness by trans-
parently illustrating prediction ranges.

3.3.4. SHAP analysis for advanced interpretability
Further enhancing our model’s transparency, SHAP analysis was
applied to the XGBoost and ANN models, as shown in Fig. 16. This

analysis detailed the influence of variables like *Treatment Time’ and
’Number of Aligners’ on the predictive outcomes. Such detailed insights
are imperative for ethical Al practices, allowing clinicians to make
informed, patient-specific decisions. The feature importance charts from
SHAP analysis further illustrate the significant roles of these variables,
facilitating a tailored approach to treatment planning.

To further promote transparency, clinical applicability, and ethical
use of artificial intelligence in orthodontic decision-making, SHAP
(SHapley Additive exPlanations) analysis was conducted on both the

10
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Fig. 8. Comparative evaluation of the Random Forest model: final holdout test set vs. 5-fold cross-validation averages (with standard deviations). Metrics include
accuracy, sensitivity, specificity, PPV, and F1-score. The final model demonstrates slightly higher sensitivity and F1-score compared to cross-validation averages,
supporting its robustness and clinical applicability for orthodontic treatment outcome prediction.
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Fig. 9. Performance distribution of the ANN model across 5-fold cross-validation (showing accuracy, sensitivity, specificity, positive predictive value (PPV), and F1-
score. The spread across folds highlights consistent performance with higher sensitivity compared to PPV, indicating strong detection ability but moder-

ate precision.).

XGBoost and ANN models. This interpretability framework provides a
rigorous, individualized understanding of how each feature contributes
to the model’s predictions, reinforcing the credibility and explainability
of our approach. The outputs are summarized in Fig. 16, which com-
prises four panels (A-D), each offering a distinct perspective on model
interpretability. These analyses align with the Evaluation and Reflection
phases of the Design Science Research (DSR) methodology and directly
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support the integration of the models into clinical workflows.
Panel A: Global Feature Summary (ANN — SHAP Summary Plot).
This panel ranks features by their global influence across all pre-
dictions, highlighting treatment time (months) and submission options as
dominant predictors in the ANN model. These findings are consistent
with clinical expectations, as treatment duration and submission types
significantly shape aligner protocols. In the context of DSR, this aligns
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ANN Model Performance: Final Test vs K-Fold Cross-Validation
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Fig. 10. Comparative evaluation of the ANN model: final holdout test set vs. 5-fold cross-validation averages (with standard deviations). Metrics include accuracy,
sensitivity, specificity, PPV, and Fl-score. The final model demonstrates slightly higher accuracy and PPV compared to cross-validation averages, confirming

consistent predictive performance across unseen data.
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Fig. 11. Performance distribution of the XGBoost model across 3-fold cross-validation (showing accuracy, sensitivity, specificity, positive predictive value (PPV), and
F1-score. The results demonstrate consistently high sensitivity and PPV, with balanced specificity, indicating stable performance across folds.).

with the Design and Development phase by operationalizing theoretically
grounded constructs into the model.

Panel B: Global Feature Contribution (XGBoost — SHAP Summary
Plot).

This panel presents a feature-level breakdown of how individual
variable values (e.g., higher age or wear time) influence prediction
outcomes in the XGBoost model. This visualization reflects the model’s
adaptability to patient-specific profiles and supports clinical interpre-
tation of individual variability. Within the DSR cycle, this corresponds to
the Demonstration phase, providing evidence of how the model behaves
under real-world-like conditions.
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Panel C: Mean SHAP Values (XGBoost — Bar Chart Summary).

Panel C distills the global impact of features into average SHAP
values, facilitating a more accessible interpretation of variable impor-
tance. Notably, treatment time and number of aligners emerge as the most
influential features. This serves as an evidence-based prioritization
guide for clinical decisions and aligns with the Evaluation phase of DSR
by translating model behavior into actionable insights.

Panel D: Local Explanation (ANN — SHAP Force Plot).

This panel illustrates the SHAP explanation for a single patient case,
showing how specific features increase or decrease the prediction rela-
tive to the model’s base value. Such local interpretability is crucial in
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XGBoost Model Performance: Final Test vs K-Fold Cross-Validation
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Fig. 12. Comparative evaluation of the XGBoost model: final holdout test set vs. 3-fold cross-validation averages (with standard deviations). Metrics include ac-
curacy, sensitivity, specificity, PPV, and F1-score. The final model exhibits higher sensitivity and F1-score compared to cross-validation means, confirming the strong

predictive ability of the XGBoost classifier on unseen data.

clinical practice, enabling case-level justifications that support shared
decision-making and enhance transparency in patient communication.
This corresponds to the Reflection and Communication phases in DSR,
closing the loop between model output and clinical utility.

Integration into Clinical Workflow.

Taken together, the SHAP analyses presented in Panels A-D
demonstrate not only technical robustness but also the potential for
meaningful integration into clinical practice. Global patterns (Panels A
and B) offer insights that can inform clinical guidelines and system-wide
policies, while local explanations (Panel D) support individualized
treatment planning and informed consent. These interpretable outputs
can be readily embedded into clinical dashboards or electronic health
records (EHRs), facilitating seamless adoption of predictive models
within routine orthodontic care.

4. Discussion

The integration of ML models such as DT, RF, ANN, and XGBoost into
Invisalign treatment planning marks a seminal shift in orthodontics,
propelling the field toward a data-driven and ethically-informed clinical
decision-making paradigm, as shown in Table 4. This transformation is
underpinned by our pioneering use of XAI principles, which ensure that
treatments are not only tailored to the unique temporal dynamics of
each patient’s needs but are also transparent and understandable to
practitioners.

Sensitivity (true positive rate) measures the ability of the model to
correctly identify positive cases, which is critical for clinical scenarios
like identifying severe orthodontic issues. A focus on sensitivity ensures
that critical cases are not overlooked, aligning the model’s predictions
with the primary goal of clinical interventions.

While sensitivity is crucial, it cannot stand alone in evaluating model
performance. The F1 score, which combines precision and recall
(sensitivity) into a harmonic mean as in Table 3, provides a balanced
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view of the model’s ability to manage both false positives and false
negatives. This metric is particularly relevant when the cost of mis-
classifications differs significantly between classes. High sensitivity in-
dicates the model’s ability to identify cases requiring attention, reducing
the risk of missing critical interventions and ensuring appropriate
treatment. In contrast, high specificity minimizes unnecessary treat-
ments by accurately ruling out cases that do not require intervention,
enhancing clinical efficiency. In current practice, sensitivity-focused
tools are often used for preliminary screening to avoid missed cases,
while specificity-focused tools validate findings in confirmatory stages.

Our study is the first to deploy SHAP within the orthodontic field,
enhancing the interpretability and explainability of complex ML models
as shown in Table 5. This application is a crucial step towards clarifying
the ’black box’ nature of algorithms like XGBoost and ANN, which,
while powerful, have traditionally posed challenges in terms of trans-
parency. By illustrating how variables such as treatment time and the
number of aligners impact treatment outcomes, SHAP analysis fosters a
deeper understanding and trust in these models, ensuring that algo-
rithmic decisions can be ethically justified and aligned with individual
treatment needs.Table 6.

To further ensure robustness and transparency, only clinically
meaningful variables were included in both model training and SHAP
analyses. Non-clinical identifiers such as Patient ID were strictly
excluded, thereby preventing potential data leakage and ensuring that
interpretability results genuinely reflect clinical factors such as treat-
ment time, number of aligners, submission options, and wear time. This
safeguards both the methodological integrity of our study and the
ethical standards of clinical applicability.

The distribution visualization of the XGBoost model, illustrating the
predicted mean and standard deviation for each test data point, provides
clinicians with essential insights into the model’s reliability and inter-
pretability. The mean values represent the central predictions, while the
standard deviation captures the variability or uncertainty in these
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Fig. 13. Tree-based visualization (a. DT and b. RF).

predictions. Clinicians can use this information to assess the confidence
of the model’s outputs, ensuring predictions are robust and consistent.
Data points with high variability, indicated by larger standard de-
viations, suggest areas of greater uncertainty. This prompts clinicians to
exercise caution when making decisions for these cases and consider
integrating additional clinical data or expertise.

Moreover, the visualization offers a broader evaluation of predictive
trends. The color-coded representation of mean values allows clinicians
to easily identify patterns in high and low prediction probabilities across
the dataset. This assists in determining whether the model aligns with
clinical expectations and effectively captures the complexity of ortho-
dontic treatment scenarios. By linking these insights to individual pa-
tient cases, the visualization supports clinicians in assessing the practical
utility of the model, facilitating evidence-based decision-making.
Overall, this figure acts as a critical tool for bridging the gap between
machine learning predictions and clinical applicability, enabling clini-
cians to make more informed and confident treatment decisions.

Furthermore, the inclusion of real patient data from Thailand into
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our models is a novel approach that enhances the cultural and regional
relevance of our findings. This integration not only improves the
generalizability of our treatment predictions but also ensures that our
predictive models are robust, reflecting a broad spectrum of patient
demographics and clinical scenarios. This aspect of our research is
critical for the design of personalized treatment plans that are informed
by an authentic understanding of diverse patient needs.

Treatment success is prone to be higher among younger patients (<
10.5 years) with shorter treatment times (< 6.5 months) and those
whose treatment duration does not exceed 11.25 months. Specifically,
success is significantly associated with the number of upper aligners (U
< 29.5), whereas failure is more likely with upper aligners exceeding 75,
underscoring the critical need for patient adherence and compliance.
For lower aligners (L < 12.5) and wear times of < 6.0 days, the success
rate is notably higher, highlighting the importance of balancing func-
tional movement and patient compliance.

The SHAP analysis reveals positive impacts of submission options,
particularly the Teen submission option, likely due to higher biological
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Fig. 14. ROC curve of ANN.
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Fig. 15. The distribution visualization of XGBoost (mean and standard deviation).
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Table 3 responsiveness, as corroborated by various studies emphasizing the
An Overview of Performance Metrics. accelerated tooth movement in younger patients. Conversely, the scan
ML Accuracy Sensitivity Specificity Fl1-Score submission process negatively impacts outcomes, potentially due to
training and quality control issues, as well as the complexities involved
1 DT 0.9091 0.9423 0.87 0.9159 . . > . .
9 RE 0.8939 0.9231 0.86 0.9014 in correcting Class II-1 protrusion cases that might require tooth
3 ANN 0.8434 0.8846 0.8 0.8558 extraction or specialized techniques. The SHAP force analysis also in-
4 XGBoost 0.9434 0.9712 0.9036 0.9439 dicates that comprehensive cases with extended treatment times and full
Table 4
Confusion matrix analysis.
Model TP TN FP FN Insight and interpretation
DT 0.94 087 0.13 0.058 e High accuracy in predicting treatment success (94 %) and failure (87 %).
e Low false positive and negative rates indicate reliable performance.
e The model’s simplicity aids interpretability but may overfit training data, affecting generalization in real-world scenarios.
RF 092 0.86 0.14 0.077 e High accuracy but slightly lower than DT
e Balances bias-variance trade-off better due to ensemble learning.
e The complexity of multiple trees can reduce interpretability, necessitating feature importance analysis for clarity.
ANN 0.88 0.80 0.20 0.12 e Good accuracy but outperformed by tree-based models.
e Black-box nature poses challenges for interpretability, requiring techniques like SHAP for better insights.
e Performance could be enhanced with more data and fine-tuning hyperparameters.
XGBoost 0.97 0.90 0.096 0.029 e Highest true positive and true negative rates.
o Strong predictive power and lower error rates highlight robustness.
e Gradient boosting algorithm’s ability to handle various data types and imbalances makes it ideal, but interpretability must be
addressed through SHAP analysis.
Table 5
Tree-based and SHAP analysis insight.
Model Key features (identified) Significant nodes / SHAP features Clinical interpretation and proposed assumption
DT o Treatment time e Treatment Time < 11.25 months e Success (prone to)
o Age e Age < 10.5 years : Patent adherence and compliance issues
e No. of aligners e Treatment Time < 6.5 months o Age < 10.5 years
e No. of Aligners (U) < 29.5 m Shorter treatment times (6.5 years)
e No. of Aligners (U) > 75.0 o Treatment time < 11.25 months
o No. of aligners
m U<295
e Fail (prone to)
o No. of aligners
n U>750
o Treatment time e Treatment Time < 11.25 months
RF e No. of aligners e No. of Aligners (L) < 12.5 : Balancing of functional movement issues and patient compliance
e Wear time e Wear Time (days) < 6.0 e Success (prone to)
o No. of aligners
n L <125
o Wear time < 6.0
e Submission Option e Submission Option-Teen, Lite, Full
ANN e Submission processes e Submission processes-SCAN (SHAP-Force)
e Classification o Classification-1I-1 : Biological responsiveness
e Treatment time e The higher treatment time (SHAP)
: Lesser tooth movement and special intervention or technique
(SHAP-Force)
: Training and quality control issues
: Protrusion correction, tooth extraction or special techniques involvement
: Comprehensive case and patient engagement issue
(SHAP)
e Impact (+ve)
o Teen submission option
o Lite submission option
e Impact (—ve)
o Scan submission process
o Class II-1
o Treatment time
o Treatment time
o Class II-1
o Full Submission option
Treatment time e The higher treatment time
XGBoost No. of aligners e The higher no. of aligners : Comprehensive case and patient engagement issue

Scan process

Submission Option

e Impact (+ve)
o No. of aligner
n U
n L
e Impact (—ve)
o Treatment time
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Table 6
A comprehensive insight and real-world application.

International Journal of Medical Informatics 206 (2026) 106139

Aspect Insight summary Clinical implications Research value/impact
Interpretability / Explainability e SHAP makes XGBoost interpretable e Emphasizes patient age in planning e Benchmark for ML in orthodontics precision plan
e Highlights key factors e Fosters trust e Bridges theory and practice
Ethical Al e SHAP ensures transparency e Tailors treatments e Fair, transparent planning
o Fair e Trust in Al
o Effective
Clinical implications e Consistent factor (across models) e Focus on reducing e Optimizes treatment
o Duration o Times e Continuous monitoring
o Aligners o aligners
o Compliance e Ensure adherence
Predictive features o Key features e Prioritize for better outcomes o Critical features for efficiency

(across models)
Treatment time
Aligners
Wear time
“Teen” option

(higher success rate)
Suggests age advantages
Negative SHAP
Scan process issue

® O O ©

Biological factors

Submission process

Leverage young patients’ responsiveness

Improve methods for accuracy

Prefer models

Model performance e XGBoost leads, .
e Followed by o Strong
o DT o Clear
o RF
o ANN

e Highlights age in planning
Personalized care

Refine methods for better outcomes
Scan protocol revision

Validates ML in planning

Improves

Decision-making

Patient experience (potentially)

O O e o

submission options are prone to engagement issues, further highlighting
the need for tailored interventions.

The ability of our ML models to predict optimal points for inter-
vention, such as the specific 11.25-month mark identified by the RF
model, allows for more effective scheduling of adjustments and follow-
ups compared with routine appointment scheduling, which in many
clinical protocols occurs at fixed intervals (commonly every 6-12
weeks) based on clinician judgment and manufacturer guidance rather
than individualized predictive thresholds [45]. By offering interpret-
able, data-driven intervention thresholds, our approach reduces the
necessity for prolonged treatment durations and enhances patient
adherence and satisfaction. Such precision in prediction supports
improved treatment outcomes, minimizing unnecessary refinements and
enhancing efficiency across the care pathway. Additionally, these in-
sights, as shown in Table 5, assist orthodontic technicians in stream-
lining the planning and production processes, potentially reducing costs
and improving the delivery efficiency of customized aligners.

Despite these advances, the challenge remains to make these com-
plex ML models accessible and comprehensible to all orthodontic pro-
fessionals. Continuous efforts to enhance the user-friendliness of these
technologies are crucial for their ethical integration into daily clinical
practice. Ensuring that these tools are used responsibly and effectively
requires ongoing education and adaptation within the orthodontic
community.

The methodological framework of this study also highlights the
complementary roles of DSR and CRISP-DM. DSR functions as the
overarching research methodology, ensuring that model development
addresses clinically relevant problems and contributes to knowledge
through rigorous evaluation and communication. CRISP-DM, in turn,
provides the operational workflow for implementing the technical
stages of data mining—data understanding, preparation, modeling, and
evaluation. By embedding CRISP-DM within the broader DSR cycle, the
study achieves both methodological rigor and technical reproducibility,
strengthening its relevance to orthodontic practice.

Looking to the future, the potential of these models to incorporate
real-time data and dynamic feedback mechanisms could revolutionize
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orthodontic treatment, making it not only reactive but also predictive.
This evolution would enable treatments to be continuously adjusted in
response to patient progress, contributing a significant leap towards
truly personalized medicine in orthodontics.

This research significantly advances the field by setting new stan-
dards for orthodontic care through improved treatment planning driven
by ML interpretability. As we continue to refine these models and
expand their applications, the future of orthodontics potentially trans-
forms into a precision-oriented, patient-centered practice. This shift not
only promises to enhance clinical outcomes and patient satisfaction but
also establishes a new benchmark for the integration of technology and
ethics in healthcare, ensuring that every treatment plan is both scien-
tifically sound and centered on the highest standards of patient care.

This study introduces an architectural framework that leverages
machine learning models, such as XGBoost and artificial neural net-
works, in combination with SHapley Additive exPlanations (SHAP) to
enhance the interpretability of treatment predictions. The process em-
phasizes the integration of ethical Al practices, focusing on trans-
parency, accountability, and patient-centred care. This framework
provides orthodontists with detailed insights into the factors influencing
treatment success, offering a decision-support tool that aligns with
ethical principles of fairness and explainability.

The process-level contributions include a proposed methodology
for incorporating XAI models into clinical workflows. This involves
preprocessing patient data, generating interpretable predictions, and
presenting the results through clinician-friendly interfaces. The process
also integrates iterative feedback loops to refine predictions based on
real-time patient data, which sets a theoretical foundation for future
adaptive clinical systems.

While XAI has been applied in broader medical domains, such as
imaging diagnostics and predictive analytics [46,47]Its use in ortho-
dontics, particularly for clear aligner treatment planning, represents an
innovative contribution. Related work by Suh et al. demonstrates the
utility of XAI for early screening of periodontitis using both deep
learning and traditional ML techniques [48]. In contrast, our study ap-
plies SHAP-based explanations to orthodontic treatment planning,
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linking predictive insights to treatment timing and scheduling decisions
rather than periodontal disease detection. The novelty of this study lies
in adapting XAl to caries index detection [49], addressing the inter-
pretability challenge posed by complex machine learning models in a
domain where trust and transparency are paramount.

However, this contribution is still at the theoretical stage, as the
proposed architecture and processes have not been validated in real
clinical settings. Future research is needed to implement and test these
concepts in practice, involving stakeholders such as orthodontists and
patients, to ensure their practical feasibility and to refine the framework
based on real-world feedback. This gap presents an opportunity for
subsequent studies to bridge the theoretical foundation established here
with practical applications that could revolutionize treatment planning
in orthodontics.

5. Limitations and future Directions

While our study has revealed important insights into the predictive
power of machine learning models for Invisalign treatment success, the
limited scope of our dataset necessitates a cautious interpretation of its
generalizability. Sourced from five private dental clinics in Thailand,
our dataset, though rich in its contextual specificity, may not fully
encapsulate the broader, global variability in orthodontic treatment
responses. This regional dataset provides invaluable insights into the
effectiveness of Invisalign within a specific cultural and demographic
context, significantly contributing to the discourse on orthodontic
treatment modalities. However, the socioeconomic and genetic diversity
across different populations can profoundly impact the general appli-
cability of our findings. Factors such as local dietary habits, oral hygiene
practices, and access to dental care vary widely, potentially influencing
the effectiveness and outcomes of orthodontic treatments like Invisalign.
Acknowledging these limitations is crucial, and as such, we suggest that
future research should aim to incorporate a more diverse array of
datasets from various global regions. Such studies would help validate
and potentially enhance the accuracy and applicability of the predictive
models, ensuring that the benefits of advanced orthodontic practices can
be more universally realized and adapted to meet a variety of patient
needs across different geographical and cultural landscapes.

Our study has provided substantial insights into the initial outcomes
of orthodontic treatments using advanced machine-learning techniques.
However, a significant limitation is the focus on short-term results
without an evaluation of long-term treatment stability and effectiveness.
Orthodontic interventions, such as those involving Invisalign, are not
only about achieving immediate alignment but also ensuring that these
results are stable and enduring over time.

The predictive models currently developed base their assessments on
data that capture outcomes shortly after treatment completion.

Longitudinal data are crucial in orthodontics, where the success of a
treatment is measured not just by immediate alignment but by the sta-
bility of these outcomes over several years. Factors such as patient
compliance with retainers, biological responses to treatment, and nat-
ural age-related changes can significantly influence long-term results.

To address this critical limitation, it is imperative to incorporate
longitudinal studies into future research. We recommend the inclusion
of long-term follow-up data in subsequent studies to assess the effec-
tiveness and reliability of the predictive models over an extended
period. Such data would allow us to evaluate the true efficacy of the
treatments in maintaining dental health and alignment, providing a
more comprehensive understanding of the models’ utility in clinical
practice.

In future iterations of this research, we aim to collaborate with or-
thodontic clinics to systematically collect follow-up data post-treatment,
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potentially over several years. This approach will not only enhance the
validity of our predictive models but also ensure that they are robust and
reliable for clinical application. By extending our research to include
these longitudinal elements, we can better understand the dynamics of
orthodontic treatments and refine our models to predict outcomes that
genuinely reflect long-term treatment success and patient satisfaction.

6. Conclusion

This research marks a significant advancement in orthodontic
treatment planning by integrating ML models. Our investigation vali-
dates the robust predictive capabilities of these models and highlights
the critical role of treatment time and aligner count in determining
Invisalign’s success. The use of XAI through SHAP offers unprecedented
clarity on influential factors, ensuring our predictive models are trans-
parent and ethically grounded.

The high performance of XGBoost, with its strong predictive power
and lower error rates, underscores its suitability for clinical applications.
However, the interpretability provided by SHAP is essential for clinician
trust and patient compliance. The insights gained from SHAP analysis,
particularly the higher success rates in younger patients (Submission
Option-Teen) and the need for improved submission processes, guide
clinicians in optimizing treatment plans. Moreover, factors such as
treatment time and aligner count are critical determinants of success.
Notably, the analysis indicated higher success rates among younger
patients, suggesting a potential area for a focused clinical strategy. These
findings offer clinicians actionable guidance to optimize treatment
plans, enhancing both the efficacy of the treatments and patient
compliance.

For future research, we recommend exploring the application of
these ML models in broader demographic and geographic contexts to
enhance the generalizability of our findings. Additionally, further
studies should investigate the integration of real-time data into these
models to dynamically adjust treatment plans as new data becomes
available. This could significantly improve the precision of treatment
predictions over the course of therapy.

By aligning advanced ML technologies with personalized patient
care, our study sets new benchmarks for clinical excellence. The ethical
application of these technologies ensures that every therapeutic decision
is transparent, understandable, and centered on the highest standards of
patient care, ultimately enhancing treatment outcomes and patient
satisfaction.

Summary table

What was already known on the topic?

Machine Learning (ML) applications in orthodontics have predomi-
nantly focused on predicting treatment duration, identifying
anatomical landmarks, and aiding in diagnostic plans using tradi-
tional statistical methods.

e The use of ML in the field of orthodontics, particularly with clear
aligners like Invisalign, has been limited, with few studies leveraging
advanced ML techniques for the orthodontic treatment planning
phase.

Existing research has rarely integrated real patient datasets from
specific regions or populations in orthodontics, often relying on non-
clinical records or solely sourced data.

What has this study added to our knowledge?

This study is the first to apply SHapley Additive exPlanations (SHAP)
for enhancing the interpretability and explainability of ML models in
the orthodontic field, providing a pioneering method to understand
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and trust the decision-making processes of complex algorithms CRediT authorship contribution statement
theoretically.

e This study introduced a novel approach by incorporating a diverse Sanisa Trakulmututa: Writing — review & editing, Writing — orig-
range of real patient data from Thailand into Machine Learning inal draft, Visualization, Validation, Project administration, Methodol-
models. This significant advancement enables highly personalized ogy, Investigation, Formal analysis, Data curation, Conceptualization.
and culturally orthodontic care, tailored specifically to the unique Khin Than Win: Writing — review & editing, Writing — original draft,
demographic and clinical characteristics. Supervision, Project administration, Methodology, Formal analysis,

e Demonstrated how ethical Al considerations can be embedded in ML Conceptualization.
development for healthcare, ensuring that the use of Al in ortho-
dontics aligns with transparent and fair treatment practices, thereby Declaration of competing interest
setting new ethical standards in the orthodontic field.

e Our research has proven the effectiveness of ML in predicting the The authors declare that they have no known competing financial
success of Invisalign treatment plans, moving beyond traditional interests or personal relationships that could have appeared to influence
applications to address patient-specific treatment dynamics, the work reported in this paper.

enhancing overall treatment efficacy, and potentially improving
patient satisfaction.

Appendix A. Dataset acquisition and composition

This research utilizes a meticulously compiled dataset consisting of anonymized orthodontic treatment records from 657 cases. These records were
sourced from five private dental clinics across Thailand, selected based on their adherence to qualified provider standards, robust data management
practices, and a significant volume of case histories, ensuring geographic and demographic diversity.

The dataset encompasses a comprehensive array of data points drawn from multiple sources:

1. Patient Demographics: Includes essential details such as the year treatment began, patient age, and gender.

2. Dentist Qualifications: Records the level of specialization of the dentist responsible for each treatment, differentiating between general
practitioners and orthodontists.

3. Aligner Brand Information: Specifies the brand of clear aligners used, primarily focusing on Invisalign among others.

4. Dental Classification: Documents the orthodontic classification of each patient, ranging from Class I to Class III malocclusions.

5. Treatment Submission Method: Details the method used for submitting orthodontic treatment plans, which includes digital scanning, Polyvinyl
Siloxane (PVS) impressions, and other traditional techniques.

6. Treatment Plan Type: Identifies the specific type of Invisalign treatment plan used, such as Full, Lite, I-7, or Teen options.

7. Duration of Treatment: Captures the treatment duration as planned by the software corresponding to the actual delivery of aligners which
excludes the refinement period.

8. Aligner Count: Enumerates the number of aligners used during the treatment, detailing usage across initial and subsequent phases.

9. Wearing Duration: Measures how long each aligner was worn during the treatment phases and calculates the average wearing time.

10. Outcome of Treatment: Classifies the treatment outcomes into ’Success’ or ’Fail’, where *Success’ aligns with the initial treatment plan and

"Fail’ indicates the necessity for additional aligners.

Appendix B. . Study design and participant selection methodology
Data collection

For this investigation, we utilized a dataset consisting of 657 anonymized patient records from individuals who underwent Invisalign treatments
across various private dental practices. These records were used with appropriate patient consent for research purposes.

Selection of participants

Our study specifically included patients treated with Invisalign at multiple private clinics, adhering to the following criteria:
Criteria for inclusion

The inclusion criteria for our study were defined to ensure high data integrity and robust analysis. We only included patients with complete
orthodontic records spanning from the initiation to the completed case of Invisalign treatment. This inclusion ensures comprehensive data on
treatment progression, outcomes, and any necessary mid-course corrections or adjustments. Furthermore, each case had to have verifiable data points,
including both planned and actual treatment durations, and the number of aligners used, ensuring that the data is both reliable and reflective of true
treatment scenarios.
Clinic variability

To ensure a comprehensive representation, the dataset includes records from a variety of private dental clinics, each serving diverse patient
demographics and employing distinct treatment methodologies.
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Dental classification

Diversity The study encompasses patients across various dental classifications, such as Class I, Class II-1, Class II-2, and Class III, to encompass a
broad spectrum of orthodontic conditions.

Appendix C. . Attribute selection
Orthodontic considerations

The chosen attributes for this study are essential for understanding the dynamics of orthodontic treatments. Patient demographics like age and
gender are known to influence both the progression and outcomes of such treatments. Younger patients generally exhibit faster tooth movement due to
more responsive biological processes [50,51], while gender can affect both treatment expectations and clinical outcomes [52,53].

The year of treatment initiation serves as a proxy to evaluate the evolution and adoption of new technologies and methodologies in orthodontics
over time [54]. The dentist’s specialization is also critical; orthodontists often handle more complex cases differently than general dentists, which can
significantly influence treatment approaches and outcomes [55,56]. A study by Fabrizia et al. noted discernible differences in case management,
especially in the selection for class I malocclusions with specific complications [55].

Dental classification of the patient (e.g., Class I, Class II) is crucial for assessing the complexity of cases and tailoring treatment strategies
accordingly [57]. Similarly, the method of submitting treatment plans, whether through digital scans or traditional impressions, directly affects the
precision of aligners and the effectiveness of treatment outcomes [58,59].

Data specific to Invisalign treatments, such as the number of aligners and duration of treatment, provide insights into case complexity. Research
indicates that more complex cases often require more aligners and are prone to adjustments and refinements [60,61]. The type of Invisalign plan (Full,
Lite, I-7, Teen) also reflects the tailored approach to varying case complexities and patient needs [62,63].

Treatment duration assessments are vital for validating the accuracy and effectiveness of orthodontic planning tools [64,65]. Additionally, patient
compliance, reflected through aligner wear time, critically affects treatment outcomes. Non-adherence to prescribed schedules can significantly
prolong treatment or diminish results [66,67].

Lastly, treatment outcomes such as success rates and the necessity for refinements serve as direct indicators of treatment efficacy. Evaluations of
these outcomes are indispensable for clinicians to refine their treatment protocols and enhance the quality of care [10,139], as noted in studies by
Soukaina et al. [68].

Machine learning considerations

In the field of machine learning within information technology, the attributes selected for analysis hold critical importance for several compelling
reasons [69,70]. The integrity and depth of the data, which include factors like consistency and completeness, are pivotal for the effective training and
predictive accuracy of machine learning models. These models depend on robust data to discern patterns effectively and apply these insights to new,
unseen scenarios [71].

Attributes such as the duration of treatment and the number of aligners used are vital for enabling predictive models such as DT and RF to deliver
precise forecasts regarding orthodontic treatment outcomes [7]. The variety and range of these attributes also significantly enhance the strength and
dependability of the machine learning models employed. A broad dataset ensures comprehensive training and validation of these models, which, in
turn, bolsters their ability to predict outcomes with greater accuracy [72,73].

Moreover, the detailed attributes under study are crucial for the customization and personalization of treatment plans. Utilizing these data points,
machine learning algorithms can refine their recommendations, thereby optimizing the efficacy and efficiency of treatments like Invisalign for in-
dividual patients [62].

Appendix D. . Data preprocessing and encoding

Our research utilized advanced machine learning techniques to develop predictive models for orthodontic treatment outcomes. We chose Python
for its robust ecosystem of data science libraries, making it an excellent platform for our analysis. The data, derived from de-identified records from
private dental clinics across Thailand, underwent rigorous preprocessing to ensure its readiness for effective analysis and modeling. An essential part
of this preprocessing was the transformation of categorical variables into numerical formats through one-hot encoding. This encoding method is
crucial as machine learning algorithms require numerical input to perform optimally, ensuring both enhanced interpretability and model accuracy
[32,33].

Appendix E. . Missing data handling

In our dataset, missing data was a notable challenge, particularly in the variables “Treatment Time” and “Number of Aligners.” To mitigate the
potential biases and preserve the integrity of our dataset, we employed median imputation. This method was selected due to its resilience against
outliers, ensuring that the extreme values did not skew the results [34]. This approach is particularly suitable for our clinical dataset, where the
distribution of data can be asymmetrical and outliers are common [35].

For the variables in question, missing values constituted approximately 1.52 % for “Treatment Time” and 0.76 % for “Number of Aligners.”
Handling these missing entries effectively was crucial since both attributes are significant predictors of Invisalign treatment success. The use of median
imputation involved replacing missing values with the median of existing values for each attribute, thus maintaining the central tendency of the data
distribution without the influence of outliers.

This method not only helped preserve the full dataset for analysis but also ensured the robustness of our statistical findings by maintaining the
sample size and preventing the biases that could arise from listwise deletion. Listwise deletion could potentially lead to a reduction in sample
representativeness, especially if the missingness is systematically related to other key variables [36]. By opting for median imputation, we upheld the
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accuracy and generalizability of our study’s outcomes, adhering to recommended practices in clinical and epidemiological research for handling
missing data [37].

Incorporating this method aligns with our commitment to upholding the highest standards of data integrity and reliability in our predictive
modeling, essential for ensuring that our findings are both scientifically valid and practically applicable in clinical settings. This step is part of our
broader data preprocessing efforts, which are critical in laying a solid foundation for the successful application of machine learning techniques in our
research.

Appendix F. . Machine learning development and design science research (DSR)

This project leverages the Design Science Research (DSR) methodology to develop predictive models that refine the precision of Invisalign
treatment outcomes [74]. DSR’s systematic approach begins with identifying the core challenge: enhancing the accuracy of predictive models in
orthodontics. A thorough review of orthodontic practices, particularly Invisalign, illuminates the existing gaps in predictability and model sophis-
tication. Objectives are then set to improve treatment predictability and efficiency using advanced machine learning technologies, with clearly defined
metrics such as accuracy, precision, and clinical applicability guiding the research.

The design and development phase transforms the established theoretical frameworks into practical applications by creating machine learning
algorithms tailored for orthodontic data. Within this DSR cycle, the Cross-Industry Standard Process for Data Mining (CRISP-DM) is applied as the
structured process model to manage data mining operations. This involves selecting suitable algorithms and employing the CRISP-DM to effectively
manage data mining operations, ensuring robust, scalable, and real-world applicable models. Subsequently, these models undergo rigorous evaluation
through demonstrations and statistical analyses to verify their accuracy in predicting treatment outcomes, employing cross-validation techniques to
ensure reliability.

The final phase involves communicating the findings to both the academic community and clinical practitioners. This includes detailed reports,
publications, and presentations at conferences, emphasizing the practical implications of integrating these advanced predictive models into clinical
practice. By positioning CRISP-DM as the operational framework nested within the broader DSR methodology, this project ensures both methodo-
logical rigor and technical robustness. This ongoing cycle of development and refinement aims to continuously enhance the predictive accuracy and
utility of the models, ensuring they meet both scientific standards and clinical needs in improving orthodontic treatment decision-making.

Appendix G. . Machine learning development and cross-industry standard process for data mining (CRISP-DM)

The CRISP-DM serves as the structural backbone for our study, specifically tailored to address the unique complexities of data from Invisalign
treatments and aiming to improve predictions of treatment success. The methodology begins with a thorough business understanding phase, where the
impact of predictive modeling on orthodontic practices is assessed by engaging with dental professionals and reviewing data on Invisalign outcomes.
This step sets a critical business objective: enhancing the success rates of treatments through sophisticated analytics. In the data understanding phase,
an exhaustive analysis of variables like treatment duration, number of aligners, and patient compliance is conducted to identify key factors influencing
outcomes, thereby providing deep insights into treatment success and necessary revisions.

The subsequent data preparation phase involves cleaning and transformation of raw data to ensure it is suitable for machine learning analysis. This
includes addressing incomplete patient records and converting categorical data, such as dental classifications and aligner types, into a format
conducive to algorithmic processing. Modeling then proceeds with the selection of algorithms tailored for their efficacy in healthcare contexts: DT for
transparency, RF, and XGBoost for advanced analysis, and neural networks to capture complex patterns. Each model undergoes rigorous evaluation
using k-fold cross-validation, among other metrics like precision, recall, and AUC, to thoroughly assess and refine their predictive capabilities.

Finally, the deployment phase integrates successful models into a Clinical Decision Support System (CDSS), crafted for operational use within the
orthodontic community. This system leverages predictive models to provide custom treatment plans, thereby enhancing the predictability and success
rates of Invisalign treatments. The integration of CRISP-DM with CDSS exemplifies a model of enhanced clinical decision-making founded on
comprehensive data analysis and aligned with strategic objectives for improved treatment outcomes. The systematic application of DSR and CRISP-
DM ensures that the predictive models developed are scientifically rigorous and practically applicable, ready to be implemented in orthodontic
settings to significantly advance patient care.

Appendix H. . Machine learning development and approaches

To build robust machine learning models for this project, Python was selected for its comprehensive support for data analysis and its rich ecosystem
of libraries tailored for machine learning applications. This choice aligns with the methodologies of Design Science Research (DSR), which provides
the overarching research framework, and the Cross-Industry Standard Process for Data Mining (CRISP-DM), which operationalizes the technical
workflow. Together, they ensure a systematic and reproducible approach to model development and evaluation.Key to the data management phases of
our project is the use of Pandas, a library that excels in data manipulation and cleaning via DataFrame objects [75]. This functionality is crucial for
organizing complex datasets into manageable structures, ensuring the data integrity necessary for effective model development and evaluation.

Scikit-learn is another pivotal library utilized in this study, providing extensive machine-learning functionalities that support classification,
regression, and clustering. It offers tools like train_test_split for segmenting data into training and testing sets, and performance metrics such as
accuracy_score, precision_score, recall score, and f1_score, which are integral for rigorous model evaluation. Scikit-learn’s GridSearchCV is instru-
mental in optimizing model parameters and aligning model performance with the specific characteristics of our dataset.

For enhancing model transparency and accountability—critical in DSR—SHAP (SHapley Additive exPlanations) is employed. SHAP elucidates the
decision-making processes of machine learning models, ensuring that the artefacts developed meet stakeholder expectations and are suitable for real-
world application [76].

Visualization tools like Matplotlib are also integral, enhancing the presentation and understanding of research outcomes [77]. These tools facilitate
the clear communication of complex results to both technical and non-technical stakeholders, supporting CRISP-DM’s evaluation and deployment
phases while reinforcing DSR’s emphasis on transparency and communication.
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Appendix I. . Python source code

pandas as pd
np
.model_select import train_test split, GridSearchCV
tree i t nTreeClassifier, plot_tree
.metrics rt y_score, precision_scor
.over_sampling i
atplotlib.pyplot

sion_matri ConfusionMatri

to_convert [ E €
cols_to_convert) = data(cols_to_convert].
eaned data.dropna()

s (data_cleaned,

SMOTE (
smote, y_train_smo

GridSearchCV(dt,
t(X_train_smote, y_ _smote)
best_tree = grid_search.best_estimator_

accuracy_score(y_test, y pred)
test, y_pred)
y_pred)

y_test, y pred)
x.astype (

=conf_matrix nori

best_tree.feature_importances_})

plt.text (bar.get h(), k . Y /
.tight_layout ()
.show ()

.format (bar.get_width()),

igure(
tree (best

Fig. 9. The Python code of the decision tree developed model
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to_convert

]

GridSearchCV

recall_score, fl_score, confusion_matri

data[cols_to_con data[cols_to_convert].app pd.to_numeric,

data_cleaned = data.dropna ()

plt.tight_l
.show ()

igqu
ee (estimator

ature_importances_))

/

Fig. 10. The Python code of the random forest developed model
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pandas as pd
numpy as np
sklearn.model selection imy t train test split
m sklearn.metrics im t accuracy score, precision score, recall score, fl score, classification_report, confusion matrix,
ConfusionMatrixDisplay, roc_curve, roc_auc_score
sklearn.preprocessing ort StandardScaler
sklearn.neural network i rt MLPClassifier
matplotlib import pyplot as plt

f preprocess_data(data):
# Convert columns to
cols_to_convert = [’
ys) ']
data[cols to convert] = data[cols to convert].apply(pd.to numeric,
data_cleaned = data.dropna()

# Encode cat al va bles
data_encoded = pd.get dummies(data_cleaned,
on ’ =True)

data_encoded|['R i1t'] = data_encoded|['

# Prepare features and target v
X = data_encoded.drop(
= data_encoded[' 120

data into trai testi
_train, X test, y train, y test = train test split(X, y,
rn X train, X test, y train, y test

# Read the data
data = pd.read excel("C:

’reprocess the data
X_train, X test, y train, y test = preprocess_data(data)

¢§ Feature scaling

scaler = StandardScaler ()

X train scaled = scaler.fit transform(X train)
X test scaled = scaler.transform(X test

L ialize and train the ANN
ann = MLPClassifier(

ann.fit (X _train scaled, y train)

# Predict the results
y_pred = ann.predict (X_test_scaled)
y_prob:

s = ann.predict proba(X_ test scaled)[:, 1]

¢ Calculate performance metrics

accuracy = accuracy score(y test, y pred)
precision = precision_score(y test, y pred)
recall = recall score(y test, y pred)

fl = f1 score(y_test, y pred)

{accuracy
{precisio

e the confusion matrix and
conf matrix = confusion matrix(y test, y pred)
conf matrix normalized = conf matrix.astype('fl ') / conf matrix.sum( =1) [:, np.newaxis
disp = ConfusionMatrixDisplay ( conf matrix normalized, =['Failu
disp.plot( =plt.cm.Blues)
plt.title('Norma zed Confus
plt.show ()

t( 1
t(classification_report(y test, y pred))

¢ Plot the > curve
fpr, tpr, thresholds = roc curve(y test, y probs)
roc_auc = roc_auc_score(y test, y probs)

plt.figure()
plt.plot (fpr, tpr,
plt.plot ([0, 1], [O
plt.xlim([ 1
plt.ylim([
plt.xlabel(
plt.ylabel(
plt.title('F
plt.legend(
plt.show ()

Fig. 11. The Python code of the ANN-developed model
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rt numpy
om sklearn.model selection impcrt train test split
sklearn.metrics import accuracy score, precision score, recall score, fl score
m sklearn.preprocessing impcrt StandardScaler
sklearn.neural network impor: MLPClassifier
shap
webbrowser
os

matplotlib.pyplot as plt

data file path is correct

# Preprocess the data
lef preprocess data(filepath):
data = pd.read excel(filepath)
cols _to convert = [' 2atmer Time (mont
gners: 1lst (Mand)', 'Wear Time ys) ']
data[cols to convert] = data([cols to convert].apply(pd.to numeric,
data cleaned = data.dropna()
data_encoded = pd.get dummies (data cleaned,

data_encoded|['Re t'] = data_encoded['Resu
X = data_encoded.drop ( =['ID', 'Resul
= data_encoded('Result']
2turn train test split (X, y

# Load and preprocess the data
X train, X test, y train, y test = preprocess data(file path)

# Feature scaling

scaler = StandardScaler ()

X train scaled = scaler.fit transform(X train)
X test scaled = scaler.transform(X test)

# Train the ANN

ann = MLPClassi

i

ann.fit (X train scaled, y train)

on the test set and calculate metrics

ann.predict (X_test_scaled)

accuracy_score(y_test, y pred)

1 = precision_score(y_test, y pred)
recall score(y test, y pred)

_score(y test, y pred)

{accuracy: .4£f}")
{precision: .4£f}")
{recall: .4f}")
{(fl:.4£1")

SHAP Explainer
shap.sample (X train scaled, 50)
explainer = shap.Explainer (ann.predict_proba, background)

# Compute SHAP values for the test set

shap values explainer (X test scaled)

# Save the SHAP summary £ a PNG file

plt.figure()

shap.summary plot(shap values.values[:, :, scaled, =X _train.columns) #
Assuming binary classification and interest in th ond class (index 1)

plt.savefig("s I ng")

plt.close()

Fig. 12. The Python code of the ANN-SHAP visualization
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.model _selection import train_test_split
.metrics import (
ore

all_score
core
sification

xgboost
%gboost_di stion i t XGBDistribution

matplotlib.pyplot

_to_con'

col in cols_to_convert:
data(col) = pd.to_numeric(data(col)

xgb_model = xgb
xgb_model. fit (X

>= threshold else

pred_thresholded)
d_thresholded)
/_pred_thresholded)
_thresholded)

accuracy

confusion
_normalized =

mportances_[importance_sorte
mportance_sorted_idx))

get_height()/ bar.get_width ()

tight_layout()
show ()
model = XGBDistribution(
odel. fit (X
ds = model <
mean, std = preds.loc, preds.scale

an
i(mean) ), mean
)

ht_layout ()
show ()

Fig. 13. The Python code of the XGBoost-developed model
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Fig. 14. The Python code of the XGBoost-SHAP visualization

Appendix J. . Related work reviews

Table 7
Related revision.

Study Clinical Problem ML Problem Dataset (source,  Prediction Key Predictors Algorithms Performance Limitations
size, context) Target Evaluation
Imangaliyev et al. Dental plaque Classification QLF image Dental plaque Colour channel Convolutional Improved Limited
(2017) [10] assessment using (Supervised) dataset with levels (derived intensities (Red, Neural accuracy over generalizability
Quantitative multi-channel from three Green, Blue) Network (CNN) shallow due to reliance
Light-Induced data (RGB plaque scores) models; on specific
Fluorescence channels) evaluation imaging
(QLF) images metrics not techniques;
specified potential issues
in diverse clinical
settings
Ranaetal. (2017)  Early detection of  Classification Intraoral images  Pixel-wise Image colour Convolutional AUC: 0.746, Moderate
[78] periodontal (Supervised) with expert segmentation channels, spatial Neural Precision: precision and
disease through annotations, of inflamed vs. features Networks 0.347, Recall: recall; limited
gingival size not healthy gingiva (CNNs) 0.621 generalizability
inflammation specified to other imaging
devices
Lee et al. (2018) Diagnosis and Classification Periapical Diagnosis and Image features Deep CNN Accuracy: 81 %  Limited dataset
[79] prediction of (Supervised) radiographic extraction from (Keras (premolars), diversity,
periodontally images, split radiographs framework) 76.7 % generalizability

28
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Study Clinical Problem ML Problem Dataset (source,  Prediction Key Predictors Algorithms Performance Limitations
size, context) Target Evaluation
compromised into training prediction of (molars); to other imaging
teeth (PCT) (1,044), PCT Extraction contexts
validation prediction
(348), and test accuracy: 82.8
(348) % (premolars),
73.4 %
(molars)
Nakhleh et al. Detection of Classification Exhaled breath Presence of VSC levels, Statistical Not specified in ~ The absence of
(2018) [80] halitosis (Supervised) samples halitosis presence of non- pattern the study VSCs does not
analyzed for sulfuric recognition, rule out halitosis;
volatile sulfur compounds sensor fusion limited in
compounds algorithms detecting
(VSCs) systemic disease
indicators
Lee et al. (2017) Cephalometric Regression Public dataset, Coordinates of X-ray image Convolutional Detected Complex setup
[81] landmark (Coordinate- Grand 19 pixel data Neural landmarks requiring 38
detection for wise Challenges in cephalometric Network within close CNN systems for
orthodontic prediction) Dental X-ray landmarks (CNN)-based margins to 19 landmarks;
planning Image Analysis coordinate ground truths limited
(ISBI 2015) regression generalizability
to other image
types
Nino-Sandoval Predicting Regression 229 lateral Mandibular Craniomaxillary Artificial Correlation Small dataset;
et al. (2017) mandibular (Prediction of radiographs morphology landmarks Neural coefficient: limited to
[82] morphology in linear and from Colombian (17 linear and (coordinates) Networks 0.84-0.99 specific
facial angular patients (ages angular (ANN), Support  (ANN), >0.7 demographic
reconstruction mandibular 18-25, skeletal measures) Vector (SVR) (Colombian
measures) classes I, II, III) Regression patients);

(SVR) potential
overfitting due to
high correlation
with limited
sample

Allareddy et al. Leveraging big Classification, Omics data, Treatment Genetic markers,  Various ML Contextual Lack of specific
(2019) [83] data for Estimation CBCT imaging, outcomes, radiomic approaches (e. discussion of data, general
personalized centralized patient-specific ~ features, g., supervised/ potential discussion of big
orthodontics clinical factors demographic unsupervised applications data use in
repositories data learning) rather than orthodontics
specific metrics
Zhang et al. Genetic risk Classification Blood samples Risk of NSCL/P ~ SNPs from Logistic Area Under Limited ethnic
(2018) [84] assessment for from Han and MTHFR, RBP4 Regression Curve (AUQ), diversity in data;
non-syndromic Uyghur Chinese genes feature moderate
orofacial cleft in populations, 43 importance predictive power
infants SNPs validated ranking for Uyghur group
by GWAS
Bianchi et al. Bone analysis of Radiomic HR-CBCT scans Bone Grey Level Non- BoneTexture, Spearman Limited to
(2019) [85] mandibular feature of 66 morphometric Uniformity, Long Ibex, BoneJ correlation (r software
condyles in TMJ extraction mandibular and textural Run Emphasis =0.7-1), comparison;
disorders condyles with feature Bland-Altman single modality
0.08 mm® voxel correlation analysis (CBCT)
resolution
Lee et al. (2018) Detection of Classification 3000 periapical Presence of Pixel intensity, Deep CNN Accuracy: 89 %  Limited to
[86] dental caries radiographs dental caries image features (GoogLeNet (premolar), periapical
Inception v3) AUC: 0.917 radiographs; no
(premolar), multi-view
0.890 (molar) validation
Saghiri et al. Locating minor Classification 50 single-rooted ~ Accurate File position ANN Accuracy: 96 Small dataset;
(2012) [11] apical foramen in teeth from 19 working length  relative to %, higher than cadaver study
endodontics cadavers determination foramen endodontists’ may differ from
76 % accuracy live cases
Poswar et al. Classification Gene databases Leader genes Gene expressions  Bioinformatics Identification Focused on gene
(2015) [87] Characterization (PubMed, for RC and PG for RCs, PGs algorithms, of leader genes data; not clinical
of radicular cysts GenBank, MLP neural based on links samples
(RCs) and periap STRING) network

ical granulomas
(PGs) gene
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Study Clinical Problem ML Problem Dataset (source,  Prediction Key Predictors Algorithms Performance Limitations
size, context) Target Evaluation
expression
Johari et al. Detection of Classification 240 radiographs  Presence of Image analysis Probabilistic Accuracy: 96.6 Limited to
(2017) [88] Vertical Root (120 intact, 120 VRFs coefficients Neural %, Sensitivity: premolar teeth
Fractures (VRFs) fractured) (wavelet and Network (PNN) 93.3 %, without caries or
Gabor) Specificity: fillings
100 % (CBCT)
Yangetal. (2018)  Post-treatment Classification 196 periapical Treatment Regions of CNN F1 Score: 0.749  Small dataset,
[89] Quality radiographs outcome Interest (ROIs) in limited clinical
Evaluation apical region diversity
Hiraiwa et al. Root morphology  Classification 760 mandibular ~ Root type Distal root Deep Learning Accuracy: 86.9 Limited to
(2019) [90] classification in first molars (single/extra patches from (CNN) % mandibular first
mandibular (panoramic root) panoramic molars;
molars radiographs, radiographs generalization
CBCT) across other
tooth types not
verified
De Tobel et al. Age estimation Classification 20 panoramic Development Image contrast, Transfer Accuracy: 51 Moderate
(2017) [91] from third molar radiographs per stage of third bounding box Learning (CNN) %, Kappa: 0.82 accuracy, limited
development stage per gender ~ molar sample size
Miki et al. (2017)  Tooth Classification 52 CBCT Tooth type ROIs from CT DCNN Accuracy: 88.8 Small dataset,
[92] classification for volumes (CT classification slices (AlexNet) % (with limited diversity
forensic use slices) augmentation)
O’Sullivan et al. Al in robotic Framework N/A Procedure/ Anatomical Explainable Al, Error Limited to
(2019) [93] surgery design skill template models, medical ML reduction > 40 surgery,
imaging % theoretical basis
Poedjiastoeti & Ameloblastoma Classification 500 panoramic Tumor type Preprocessed CNN (VGG-16 Accuracy: 83.0 Small dataset,
Suebnukarn and radiographs image features with transfer %, Sensitivity: specific tumor
(2018) [94] keratocystic learning) 81.8 % types only
odontogenic
tumors (KCOT)
detection
Patcas et al. Impact of Regression 2164 images, Facial Pre- and post- CNN (trained Attractiveness Single-center,
(2018) [95] orthognathic (Scoring) 146 patients attractiveness, treatment on large-scale 11in 74.7 %, specific to
surgery on age appearance  photographs image data) Age | by 0.93 orthognathic
attractiveness years (p < surgery
0.001)
Tarassoli et al. Surgical planning  Predictive Big data Surgery Image Quantum Speculative Predictive
(2019) [96] improvements Analysis projections outcomes with processing, computing, due to future- models
predictive patient records predictive oriented theoretical; data
analysis algorithms approach implementation
unverified
Wirtz et al. Teeth Image 14 panoramicX-  Individual Gradient image Coupled shape Precision: Small dataset,
(2018) [97] segmentation in segmentation ray images teeth features, spatial model, Neural 0.790, Recall: image quality
panoramic segmentation relations Network 0.827, DICE: variability
X-rays 0.744
Torosdagli et al. Mandible Segmentation, CBCT scans (50 Mandible Geodesic Deep neural Superior to Limited to
(2019) [98] segmentation and ~ Landmarking patients for segmentation distance, network state-of-the-art,  mandible and
landmarking training, 250 for ~ and anatomical (DNN), LSTM visual CBCT data only
testing) landmarking variability inspection,
MICCAI Head-
Neck Challenge
dataset
Egger et al. Mandible Segmentation CT images of Mandible Image pixel Fully Qualitative and  Limited dataset
(2018) [99] segmentation in mandible; strict segmentation values Convolutional quantitative availability;
CT images inclusion/ Network (FCN) agreement excludes artifacts
exclusion between
criteria experts
Du et al. (2018) Dental arch Positioning Dental Positioning Patient posture, CNN Improved Limited to DPR;
[100] positioning in correction panoramic error in the jaw morphology image quality does not address
DPR radiographs dental arch for stable all image
(DPR) diagnosis artifacts
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Study Clinical Problem ML Problem Dataset (source,  Prediction Key Predictors Algorithms Performance Limitations
size, context) Target Evaluation
Park et al. (2018)  CT image Super- 52 CT scans for High-res CT Low-res CT Modified U-Net ~ Peak SNR, Limited to CT
[101] resolution resolution training, 13 for images image slices CNN NRMSE images; not
enhancement testing specific to dental
care
Lee et al. (2018) Osteoporosis Classification 1268 panoramic  Osteoporosis Mandibular Single & Multi-  AUC: SC-DCNN  Limited to female
[102] detection radiographs of presence cortical erosion Column DCNN 0.9763; MC- patients; small
females DCNN 0.9987 testing set
Zhang et al. Teeth recognition ~ Multi-class Limited training ~ Tooth position Pixel intensities, Cascade CNN Precision: 95.8 Small training

(2018) [103]

Tuzoff et al.
(2019) [104]

Ariji et al. (2018)
[105]

Kann et al. (2018)
[106]

Kats et al. (2019)
[107]

Murata et al.
(2018) [108]

Kositbowornchai
et al. (2012)
[109]

Kise et al. (2019)
[110]

Jung & Kim
(2015) [111]

from periapical
X-rays

Teeth detection
and numbering in
radiographs

Diagnosis of
lymph node
metastasis in oral
cancer

Identification of
nodal metastasis
and ENE

Detection of
atherosclerotic
carotid plaques
(ACP)

Maxillary
sinusitis
diagnosis

Vertical root
fracture detection

Diagnosis of
Sjogren’s
syndrome (SjS)
on CT images

Diagnosis of
tooth extraction
in orthodontics

classification

Object
detection and
classification

Classification

Classification

Classification

Classification
(Supervised)

Classification
(Supervised)

Classification
(Supervised)

Classification
(Supervised)

dataset

1352 panoramic
radiographs
(training), 222
(testing)

441 CT images
(127 positive,
314 negative
nodes)

CT-segmented
lymph nodes
(2,875 samples;
pathology
labels)

65 panoramic
radiographs
(small dataset)

Panoramic
radiographs:
6000
augmented
samples for
training, 120
samples for
testing

200 digital
radiography
images (50
sound, 150
fractured)

CT images (500
images from 50
patients: 25 SjS
cases, 25
controls)
Clinical data
from 156
patients
(cephalometric
variables and
indexes)

recognition (32
classes)

Tooth
boundaries and
FDI numbering

Metastatic vs.
non-metastatic
lymph nodes

ENE and nodal
metastasis

Presence of
ACP

Maxillary sinus
condition
(healthy/
inflamed)

Presence of
vertical root
fracture

Presence of SjS

Extraction vs
non-extraction;
Extraction
patterns

tooth features

Radiograph pixel
intensity

CT image
features

CT imaging
features

Radiographic
features

Image patches
from panoramic
radiographs

Grey-scale data
per line through
the root

CT image
features

12
cephalometric
variables, 6
indexes

with label tree

Faster R-CNN
(detection),
VGG-16
(classification)

Deep Learning
(Image
Classification)

3D
Convolutional
Neural
Network

Faster R-CNN
(Deep
Learning)

Convolutional
Neural
Network (CNN)

Probabilistic
Neural
Network (PNN)

Deep Learning
System

Neural
Networks
(Back-
propagation)

%; Recall: 96.1
%

Sensitivity:
0.9941
(detection),
0.9800
(numbering);
Specificity:
0.9994
(numbering)

Accuracy: 78.2
%, Sensitivity:
75.4 %,
Specificity:
81.0 %, AUC:
0.80

AUC: 0.91 (95
% CI:
0.85-0.97)

Accuracy: 83
%, Sensitivity:
75 %,
Specificity: 80
%, AUC
(significant)
Accuracy: 87.5
%, Sensitivity:
86.7 %,
Specificity:
88.3 %, AUC:
0.875

Sensitivity: 98
%, Specificity:
90.5 %,
Accuracy: 95.7
%

Accuracy: 96.0
%, Sensitivity:
100 %,
Specificity:
92.0 %
Accuracy: 93 %
(extraction vs
non-
extraction), 84
% (extraction
patterns)

dataset; limited
to specific task

Errors due to
similar factors as
experts; limited
to panoramic
images

Small dataset;
results not
significantly
better than
radiologists

Focused on
radiographic
data; requires
clinical
integration

Small dataset,
needs further
validation for
clinical
integration

Data
augmentation
may introduce
biases; limited
diversity in real-
world testing
datasets

Small dataset; ex
vivo study limits
generalizability
to clinical
environments.

Limited dataset
size; specific to
CT imaging and
SjS cases.

Small dataset;
limited
generalizability
due to dataset
size and diversity
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