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ABSTRACT: 

Objective: 

To evaluate the diagnostic accuracy of artificial intelligence (AI) models in predicting the 

necessity for orthodontic extractions versus non-extractions. 

Material and Methods – A systematic review was conducted following PRISMA-DTA 

guidelines, with studies selected based on the PIRD (Population, Index test, Reference standard, 

Diagnosis) framework. The inclusion criteria focused on diagnostic accuracy studies that used 

AI models to predict orthodontic extractions. Searches were performed across PubMed, DOAJ, 

EBSCO, K-hub, and Google Scholar for articles published from January 2000 to December 

2023. 12 studies met the criteria, with a pooled meta-analysis involving four studies. Data were 

extracted and assessed for quality using QUADAS-2. Diagnostic accuracy metrics, including 

sensitivity, specificity, and receiver operating characteristic (ROC) curves, were analyzed using 

MetaDiSc version 1.4. 

Results –The meta-analysis of 4 studies revealed a pooled sensitivity of 0.73 (95% CI: 0.70–

0.76) and specificity of 0.82 (95% CI: 0.80–0.84), The ROC curve yielded an area under the 

curve (AUC) of 0.8813, Subgroup analysis highlighted that multi-layer perceptron (MLP) 

models had a sensitivity of 0.83 (95% CI: 0.79–0.87). 

Conclusion - PEEK Retainers demonstrated superior Survival Rates and comparable Stability 

and Periodontal Health outcomes compared to Conventional Retainers. Although both materials 

performed acceptably, PEEK may offer enhanced durability, making it a viable alternative for 

long-term retention. 

1. INTRODUCTION 

Improvement of our knowledge of accuracy of 

diagnostic test can be done by systematic reviews.1 

Comprehensive systematic analyses of research on 

diagnostic accuracy are often characterized by markedly 

heterogeneous results originating from differences within 

the design layout and demeanor of included studies.2 
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However, orthodontic diagnosis is frequently exceedingly 

challenging and impacted by the subjective scrutiny of the 

criteria that are examined. Because of this, methods based 

on artificial expert system (AESs) have been suggested as 

a reliable aid for orthodontic diagnosis.3 

Despite the popularity of extracting teeth in 

orthodontic practice, there aren’t any objective standards 

to be used by orthodontists to decide whether to extract or 

not to extract teeth.4 (ANN) is a computer model designed 

to replicate how the human brain processes signals 

through neurons and their connections. By understanding 

biological neural networks, ANNs can analyze complex 

data to provide predictions for diagnosis, treatment, and 

outcomes without pre-defining rules.5 

Neurons connect the input to the output in (ML) 

using neural networks, in machine learning with neural 

networks, neurons connect inputs to outputs via synapses 

that use weighted values. Repeated learning adjusting 

weightiness to enhance fit, but excessive iterations can 

lead to overfitting.6 The (ANN) has the advantage of 

excavating features from massive medical data.7 The 

(ANN) not only limit variability in decision-making in 

orthodontics but also lessen the negative consequences of 

improperly recommended tooth extraction.8 

Machine learning is a rapidly evolving field with 

application in every aspect of our lives.9 In orthodontics, 

ANNs help determine tooth extraction needs and patterns. 

In healthcare, AutoML systems can reduce costs, enhance 

health outcomes, and advance clinical research. Their 

ease of use allows non-experts, such as orthodontists, to 

develop and utilize AI systems independently10. 

(ML) models fall into supervised and 

unsupervised categories. Supervised type of learning 

utilizes labelled data input and output, prepared by 

scientists before training. This method involves human 

oversight, allowing the model to classify and predict new 

data based on learned relationships.11 

Unsupervised (ML) trains models on unlabeled, 

raw data for identifying patterns, trends, or group similar 

data into predefined clusters. This approach, requiring 

minimal human intervention, is often used for initial data 

exploration and understanding.11 

This comprehensive systematic review and 

meta-analysis aimed to evaluate the diagnostic accuracy 

of artificial intelligence in predicting the necessity of 

orthodontic extractions. The objective was to critically 

assess the effectiveness of AI-based technologies in 

determining whether orthodontic cases require extraction 

or can be managed with non-extraction treatment 

approaches. 

2. MATERIAL AND METHODS 

Comprehensive systematic research of 

literature and meta-analysis was performed. This study 

followed the PRISMA-DTA guidelines for assessing the 

accuracy of diagnostic research, the Cochrane Handbook 

for Systematic Reviews of Interventions (version 5.1.0), 

and the JBI Reviewer’s Manual (Fourth Edition), and 

was registered at PROSPERO with registration code 

CRD42024501466. The following focused question in 

the Population, Index test, Reference standard, and 

Diagnostic index (PIRD) format was proposed: “Is there 

a difference in the accuracy of diagnostic information of 

artificial intelligence to envisage the necessity for 

orthodontic extraction versus non-extraction in decision 

making? 

Study Design: Systematic Review and Meta Analysis  

Eligibility criteria: 

[A] Inclusion criteria: 

For diagnostic accuracy studies, PIRD is recommended 

(instead of PICOS). Population, Index test, Reference 

standard, and Diagnostic of interest are the acronyms for 

PIRD. 

a. Population – 

Studies with patients employing either buccal or lingual 

orthodontic fixed appliances in a series of treatments 

involving comprehensive orthodontic conduct in the 

permanent dentition, having complete standardized 

orthodontic pretreatment records such as patient 

photographs, intra-oral photographs, X-rays, models, 

cephalometric analysis, etc. 

b. Index test – 

Studies using AI-based models for decision-making on 

tooth extraction in orthodontic treatment. 

c. Reference standard – 

Studies using pretreatment records of orthodontics such 

as patient photographs, intra- and extraoral photographs, 

dental models, X-rays, and lateral cephalometry 

evaluated by experts in orthodontics. 
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d. Diagnostic interest – 

Studies providing information about diagnostic accuracy 

including sensitivity, specificity, accuracy, PPV, and 

NPV determined using different methods, regardless of 

the methods of quantifying the outcomes. 

e. Study design – 

i. Studies published in any language where English 

translation is possible. 

ii. Studies published between 01-01-2000 to 31-12-2023. 

iii. Diagnostic precision studies. 

iv. Studies with full-text articles. 

v. Studies providing a numeric value to calculate at least 

any outcome measures mentioned  

earlier. 

vi. Studies were included only if the results were 

compared to a control group or to a standard benchmark. 

[B] Exclusion criteria: 

a. Partially accessible research papers in the repository. 

b. Studies involving participants with congenital 

abnormalities, incomplete records, orthognathic surgical 

therapy, or missing one or more teeth at baseline (apart 

from the third molars). 

c. Studies with AI not investigating orthodontic tooth 

extraction decision-making. 

d. Single intervention trials without a control group. 

Search strategy: 

Studies were selected based on the PIRD inclusion 

criteria. Titles and abstracts which detected eligible 

studies were checked by two reviewers. Any enquiries 

were discussed with a third reviewer. Medical Subject 

Headings (MeSH) terms, keywords, and other free terms 

combined with Boolean operators (OR, AND) were used 

for searching. All search platforms employed the same 

keywords, complying with the syntactic guidelines. 

Table 1: The PICOS tool plus search approach 

Search strategy  

Focused 

Question 

Is there a difference in the accuracy of diagnostic information of autonetic intelligence to 

envisage the need for orthodontic extraction versus non-extraction in decision making? 

Search strategy  

Population (#1) 

(((Human teeth [Text Word]) OR "tooth"[MeSH Terms] OR teeth [Text Word]) OR 

permanent teeth [Text Word] OR permanent dentition [Text Word] OR fixed orthodontics 

[Text Word] OR [Text Word] buccal orthodontics [Text Word] OR lingual orthodontics [Text 

Word]))) 

Index test (#2) 

(‘(ML)’ [MeSH] OR ‘(ML)’ [Text Word] OR Multilayer perception [Text Word] OR Machine 

Intelligence [Text Word] OR ANN [Text Word] OR automated artificial intelligence [Text 

Word] OR ensemble learning [Text Word]) 

Reference standard 

(#3) 

((pretreatment records [Text Word] OR photographs [Text Word] OR models [Text Word] OR 

cephalometric analysis [Text Word])) 

Diagnostic interest 

(#4) 

(((Diagnostic accuracy [Text Word] OR Sensitivity [Text Word] OR Accuracy [Text Word] 

OR Specificity [Text Word]))) AND ‘orthodontic treatment needs’ [Text Word] OR decision 

making [Text Word] OR ‘extraction diagnosis’[Text Word] OR ‘orthodontic treatment 

planning’ [Text Word]))) 

Study design (#5) 

(Clinical trial [MeSH] OR clinical study [Text Word] OR randomized controlled trials [Text 

Word] OR randomized control clinical trial [MeSH] MeSH, non-randomized control trials, 

quasi-experimental studies, before-and-after study design, cohort studies, in vivo research, and 

cross-sectional studies, among other possibilities) 

Search 

Combination 
#1 AND #2 AND #3 AND #4 AND #5 

Database search  

Linguistic 
No restraint (Articles in English language or other language where English translation is 

possible.) 

http://www.jchr.org/
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Electronic 

Databases 

PubMed/MEDLINE, Cochrane Central Register of Controlled Trials, Web of Science, Open 

grey, Google scholar 

 

Primary outcomes measured were both specificity and 

sensitivity of the AI-based models as compared to pre-

treatment records. To do a meta-analysis, stick to the 

Chosen Reporting Items for Systematic Reviews & 

Meta-Analyses (PRISMA). The electronic data resources 

consulted were PubMed, DOAJ, EBSCO, K-hub, and 

Google Scholar search engine with controlled 

vocabulary and free text terms.Articles published from 

01/01/2010 until 31/12/2023 were searched, without any 

restriction concerning language. 

Selection of studies: 

The title and the abstract of each study were reviewed 

and critically assessed by two independent reviewers. 

The methods used to apply the selection criteria were the 

following: 

i. Integration of the searched outcomes to delete 

duplicate entries. 

ii. Review of abstracts and titles to eliminate pointless 

articles. 

iii. Retrieval of pertinent articles' entire texts. 

iv. Binding and compiling several research portions into 

one. 

v. Reading through the articles in their entirety to confirm 

how closely the studies adhered to  

the qualifying requirements. 

vi. Establishing connection with researchers, if 

necessary, to clarify the study’s eligibility. 

vii. Deciding about the study’s inclusion and data 

gathering. 

Data extraction: 

Extraction of data from studies was done separately by 

two reviewers, resolving disagreements through 

discussion, using a verification list with key items. 

Authors, Year and Title of study 

Country 

Sample size 

Age group and Gender of participants 

AI model used 

Reference standard used 

Time period between two examinations 

Number of examiners used for assessment 

Outcomes 

Results and other items 

Quantitative sensitivity and specificity data were 

gathered from each study. Using these, true positive, true 

negative, false positive, and false negative values were 

manually calculated where not provided. Corresponding 

authors were emailed for supplementary information if 

needed. 

a. False positive = (1 − specificity) × (1 − diseased cases 

/ total sample) 

b. True negative = specificity × (1 − diseased cases / 

total sample) 

c. True positive = sensitivity × diseased cases / total 

sample 

d. False negative = (1 − sensitivity) × diseased cases / 

total sample 

Publication details, study characteristics, participant 

information, settings, interventions, comparators, 

outcome measures, study design, statistical analysis, 

results, plus additional pertinent data were meticulously 

extracted and recorded in Excel sheets for primary 

outcomes. 

Evaluations of the potential for bias and quality: 

The QUADAS-2 tool was employed to evaluate the 

operational excellence of selected studies, following 

guidelines from Cochrane, the UK NIH and Clinical 

Excellence, and the Agency for Healthcare Research and 

Quality. This instrument assesses applicability issues and 

bias risk in four domains: stream and control, reference 

standard, index test, and patient selection. Each domain 

is examined for issues related to applicability and bias 

risk. Quality was gauged using Review Manager version 

5.4. 

Data synthesis and analysis: 

A meta-analysis was directed on studies with similar 

outcomes using MetaDiSc version 1.4, examining 

sensitivity and specificity values. Contingency tables 

with true positive, true negative, false positive, and false 
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negative results were created. A bivariate diagnostic 

meta-analysis provided collective evaluations of 

sensitivity, specificity, likelihood ratios, diagnostic odds 

ratios, and 95% CI, accounting for between-study 

variability. 

Heterogeneity: 

The heterogeneity between all the studies was calculated 

using the I² statistic and Chi-square test. An I² value of 

25% was considered low, 50% moderate, and 75% high. 

By visually examining the summary receiver operation 

characteristic curves and determining which studies fell 

outside the 95% confidence ellipse, the foundations of 

heterogeneity were investigated. An I² value > 50% or p-

value < 0.05 was considered substantial heterogeneity, 

and a random effect model was selected owing to the 

significant heterogeneity across the studies and applied 

in all forest plots. 

3. RESULTS 

Study Characteristics 

Search of Literature: 

The search result of initial electronic database showed a 

over-all of 239 titles (95 titles in PubMed/MEDLINE and 

Cochrane library and 144 titles in google scholar, along 

with no additional papers were discovered while 

searching the orientation slants of the chosen studies by 

hand), removal of exactly similar titles, 68 titles were 

left. After going over the abstracts and titles of these 239 

documents, 171 among them were discarded during the 

preliminary screening. Once the reviewers glanced 

through and discussed the articles, 25 were picked for 

full-text evaluation. Four research investigations were 

counted in the meta-analysis and 12 investigations were 

contained within in the qualitative analysis upon pre-

screening procedures and application of the eligibility 

criteria 

 

 

Table 2: PRISMA flow chart 

The systematic review encompassed twelve studies, the 

general features of which are  

shown in Table 3: Features of the studies that were 

incorporated

 

Table 3: Features of the studies that were incorporated 
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Studies were carried out across the globe. – Italy3, Japan4, 

China5,7, Korea6,14, USA8,9,12,13, Chile10. All the included 

studies showed cross-sectional study design. In this 

research, evaluation was carried out using clinical 

records from 5763 patients in total. 

Standard of reference 

Cast measurements, soft tissue landmarks, clinical 

chronicles, and cephalometric records served as the 

reference standards for every included 

investigation.Most studies employed seasoned 

examiners with at least 8–10 years of clinical practice 

and an orthodontic specialization. Leavit 202312 

employed a panel of thirty specialized examiners to 

evaluate the clinical records. 

Index test 

Various algorithms for AI were implemented in these 

investigations – neural networks3,5,7, (ML)4,6,8,9,11-13, deep 

learning models14, etc. Under (ML), different systems 

such as random forest, logistic regression, support vector 

machine, etc. were used.From the deductions of all 

studies, Additionally, it was pointed out that the decision-

making properties of AI based models show precision 

almost equal to that of the clinical examiners. 

Bias applicability risk: 

The QUADAS-2 analyser assessed the Caliber of 

investigation on diagnostic exactness based on bias and 

applicability concerns across four domains: patient 

selection, movement and execution, standard of 

reference, and indexing test. Most studies were of 

acceptable to moderate quality, but three had high risk, 

particularly linked to the indexing test. Bias is uncertain 

due to convenience sampling and uneven sample sizes 

for extraction and non-extraction cases, raising concerns 

about patient selection applicability.

 

 

Figure 1: Bias graph risk 
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Figure 2: Summary of bias risk 

 

Meta-analysis: 

A. Pooled analysis 

Four studies7,9,11,13 was incorporated into the combined 

diagnostic precision, regardless of AI model type. 

Etemad 2023 and Mason 2023, using four different AI 

models, were analyzed separately. 

1. Sensitivity 

Pooled sensitivity obtained was 0.73[0.70, 0.76] 

(true positives). Overall, the upshots were 

statistically significant (p<0.05) with 96.1% 

heterogeneity. 

 

Figure 3: Pooled sensitivity 

Specificity 

Pooled specificity obtained was 0.82[0.80, 0.84] (true 

negative). Overall, the outcomes were statistically 

significant (p<0.05) with 93.9% heterogeneity. 

 

Figure 4: Pooled specificity 

 

2. Receiver Operating Characteristics: 

Characteristics of the receiver operation curve showed 

that 88.13% of data was beneath the curvature (Area UC 

= 0.8813) which indicated good performance of AI 

models in predicting orthodontic extraction. 

 

 

http://www.jchr.org/


 

 

 

 

1742 
 

Journal of Chemical Health Risks 

www.jchr.org 

JCHR (2025) 15(5), 1731-1744 | ISSN: 2251-6719 

Figure 5: Characteristics of the receiver operation 

 

Subgroup analysis: 

Due to significant heterogeneity among studies, a 

subgroup scrutiny performed based on AI model type. 

For multi layered perceptron (MLP) model, evaluated in 

studies by Etemad 2021 and Li 2019, sensitivity was 0.83 

[0.79, 0.87], indicating 83% precision in recognizing 

orthodontic extraction needs. Results were statistically 

significant (p<0.05) with 97.8% heterogeneousness, and 

the MLP model’s sensitivity exceeded the collective 

sensitivity. 

 

Figure 6: Sensitivity of MLP 

 

 

Specificity obtained was 0.82[0.80, 0.84] (true negative). 

Overall, the results were statistically significant (p<0.05) 

with 93.8% heterogeneity. The exactness of The 

exactness of MLP model was beneath the collective 

sensitivity. 
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Figure 7: Specificity of MLP 

DISCUSSION 

Recent interest has surged in Utilizing A. 

intelligence (AI) so as to improve planning of 

orthodontic procedures. This meta-analysis and 

systematic review appraise AI models' specificity of 

diagnosis for orthodontic extractions, analyzing results 

from twelve diverse studies. 

The search of literature, detailed in the 

appraisal, identified twelve studies evaluating various AI 

Programs. Studies, which included varied demographics 

of patients, provided insights into AI's effectiveness in 

orthodontic decision-making. Most studies were cross-

sectional (10 out of 12), using clinical examinations and 

cephalometric data3,4,5,6,7,9,10,11,13,14, while two were 

retrospective.8,12 Different AI methods, including neural 

networks3,5,7, (ML)4,6,8,9,10,11,12,13, and deep learning 

models14, were utilized in search operation. This 

diversity shows AI's adaptability in orthodontics and 

emphasizes the thoroughness of advanced diagnostic 

tools. Overall, research demonstrates that AI programs 

significantly enhance orthodontic treatment preparation 

with high diagnostic accuracy, comparable to expert 

clinical examiners. AI models excel at assessing factors 

like sagittal features and dental crowding impacting 

extraction decisions. The meta-analysis offers valuable 

insights, including combined estimations of specificity 

and sensitivity and ROC curves. 

Four studies7,9,11,13 was incorporated into the 

appraisal of pooled diagnostic accuracy. Two studies 

Etemad 2023 and Mason 2023 used four different AI 

models for appraisal of extraction hence they were 

included separately in the analysis. Collective sensitivity 

of 0.73 [0.70, 0.76] indicates that AI replicas correctly 

identified 73% of cases needing orthodontic extraction. 

With 96.1% heterogeneity, results were statistically 

significant (p<0.05). The pooled specificity was 0.82 

[0.80, 0.84], showing 82% accuracy in detecting cases 

not needing extraction, with 93.9% heterogeneity and 

overall statistical significance (p<0.05). The receiver 

operating distinctive curve, with the area inside curvature 

of 0.8813, demonstrated AI simulations performed well 

in predicting orthodontic extractions. Due to significant 

heterogeneity, a subgroup analysis by AI model type was 

conducted. Subgroup analysis was carried out on multi-

layer perceptron model (MLP) weighed by two of studies 

Li 20197 and Etemad 20219. 

The MLP model showed a perceptiveness of 

0.83 [0.79, 0.87], correctly identifying 83% of cases 

needing orthodontic extraction, with results statistically 

significant (p<0.05) despite 97.8% heterogeneity. Its 

specificity was 0.82 [0.80, 0.84], accurately identifying 

78% of cases not needing extraction, with 93.8% 

heterogeneity and significant results (p<0.05). Despite 

these promising results, variability in study quality and 

sample sizes poses limitations, highlighting requirement 

for larger, well-designed studies to improve robustness 

and generalizability. 

3. CONCLUSION 

In conclusion, our meta-analysis and comprehensive 

systematic review provide compelling evidence 

supporting the usefulness of AI-based algorithms in 

planning of orthodontic procedures. The findings 

underscore the AI’s Potential to augment clinical 

decision-making, offering a pathway towards exact and 

personalized orthodontic interventions. Moving forward, 

further research endeavors should emphasis on 

addressing methodological limitations and validating the 

clinical applicability of AI simulations in diverse patient 

cohorts. 
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