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Abstract

Aim: This systematic review evaluated the applications, methodologies, and reporting
quality of artificial intelligence (Al) models for the diagnosis and assessment of adolescent
idiopathic scoliosis (AIS).

Methods: PubMed, Embase, and IEEE Xplore were searched for studies published from
January 2015 to May 2026, with additional searches of Medical Image Computing and
Computer Assisted Intervention (MICCAI), IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), and International Conference on Machine Learning (ICML)
proceedings (2020-2026). Studies applying Al or machine learning (ML) for AIS diagnosis
or assessment were included. Methodological quality was assessed using a 12-dimensional
framework based on the 2024 Checklist for Artificial Intelligence in Medical Imaging
(CLAIM).
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Results: Of the 8,579 records initially identified, 45 studies were included. Automated Cobb angle measurement was
the most common application, reported in 32 studies. The mean absolute error for Cobb angle measurement ranged
from 1.07° to 5.31°. Other applications included binary scoliosis classification (8 studies), curve classification and
severity grading (12 studies), vertebral rotation assessment (2 studies), and skeletal maturity assessment (2
studies). Eleven studies (24.4%) used non-radiographic inputs encompassing six modalities. Quality assessment
showed that data partitioning (93.3%) and comparisons with competing models (93.3%) were well reported,
whereas external validation (26.7%), code availability (13.3%), and explainable Al (35.6%) remained uncommon.

Conclusion: Al demonstrates technical accuracy in Cobb angle estimation comparable to manual measurement
variability. However, limited external validation, prospective evaluation, and transparent reporting remain barriers to
clinical translation. Future studies should emphasize characterization of clinical practice variation, prospective
validation, and standardized reporting to facilitate clinical implementation.

INTRODUCTION

Adolescent idiopathic scoliosis (AIS) is a structural spinal deformity that develops during adolescence. It is
characterized by lateral curvature of the spine in the coronal plane, often accompanied by axial vertebral
rotation (AVR), resulting in a characteristic three-dimensional (3D) deformity".. Clinically, AIS may involve
one or more spinal segments and present with S- or C-shaped curves. Although disease progression is
relatively slow in most patients, some cases may progressively worsen, leading to abnormal trunk appearance
and potentially adverse effects on cardiopulmonary function and quality of life. The etiology of AIS remains
incompletely understood, and its underlying pathogenesis requires further clarification.

Given the potential for AIS progression, accurate assessment is essential for disease monitoring and
treatment decision-making. In clinical practice, AIS is primarily evaluated using radiographic and non-
radiographic methods. Radiographic assessment relies on standing full-spine radiographs as the reference
standard, with the Cobb angle used to quantify the major and compensatory curves and thereby assess
scoliosis severity, risk of progression, and indications for treatment”.. In selected cases, lateral or side-
bending radiographs are additionally obtained to comprehensively assess sagittal spinal parameters and
curve flexibility. However, imaging-based measurements are influenced by examiner experience and
differences in measurement technique, resulting in appreciable inter- and intra-observer variability.

In contrast, non-radiographic assessment primarily relies on physical examination and clinical observation,
including evaluations of shoulder-height asymmetry, waistline and pelvic imbalance, the presence of a rib
hump, and asymmetry of the ribs or breasts"”. The Adams forward bend test is widely used for preliminary
screening of adolescent scoliosis because it accentuates axial trunk rotation and makes surface asymmetry
more apparent. During this examination, a scoliometer is often used to semi-quantitatively measure the
angle of trunk rotation (ATR), thereby assisting in the detection of scoliosis and estimation of its potential
severity. These non-radiographic assessment methods are easy to perform and avoid radiation exposure,
making them suitable for large-scale population screening and clinical follow-up'*.. However, the results of
these methods remain highly dependent on examiner experience and consistency. In addition, the derived
indicators are largely indirect or semi-quantitative and therefore cannot fully characterize the 3D structural
features of spinal deformity. These limitations are particularly relevant to early diagnosis, severity grading,
and progression-risk prediction. In these settings, surface-based indicators may fail to capture the full extent
of the underlying spinal deformity.

In recent years, rapid advances in computer vision and deep learning (DL) have highlighted the considerable
potential of artificial intelligence (AI) for the diagnosis and assessment of AIS". Al-based approaches can
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integrate and analyze multiple imaging and clinical parameters, providing objective and efficient support for
early detection, severity assessment, and treatment planning. As the volume of Al research in AIS has
increased, there is a growing need for a structured synthesis that extends beyond simply cataloging individual
models. Accordingly, this review organizes the available literature according to clinical tasks rather than
model architectures, evaluates methodological quality against the Checklist for Artificial Intelligence in
Medical Imaging (CLAIM) 2024 reporting framework, and examines the emerging transition toward non-
radiographic assessment modalities. The aim is to clarify not only the current capabilities of AI within the
AIS clinical workflow but also the critical gaps in evidence quality and clinical readiness that remain.

METHODS

Search strategy

The literature search covered studies published between January 1, 2015, and May 31, 2026. The primary
search was initially conducted on June 10, 2025, updated on September 22, 2025, and further updated in May
2026 to capture the most recent literature in this rapidly evolving field.

This systematic review aimed to characterize the current machine learning (ML) models used for the
diagnosis and assessment of AIS, identify research trends since 2015, summarize their applications across
different clinical tasks, and evaluate the methodological characteristics and reporting quality of the available
literature.

PubMed, Embase, and IEEE Xplore were searched as the primary literature databases. The search terms were
(“AIS” OR “Scoliosis” OR “Adolescent Idiopathic Scoliosis”) AND (“Artificial Intelligence” OR “Machine
Learning” OR “Deep Learning” OR “Neural Network” OR “Computational Intelligence” OR “Computational
Learning” OR “Convolutional Network” OR “Machine Prediction” OR “Machine Intelligence”) and were
required to appear in the title or abstract.

Because important methodological advances in computer vision and medical image analysis are frequently
published in peer-reviewed conference proceedings rather than indexed journals, we performed a
prespecified supplementary search of conference proceedings to complement the primary database search.
This search covered peer-reviewed full-paper proceedings from Medical Image Computing and Computer
Assisted Intervention (MICCAI), IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), and International Conference on Machine Learning (ICML) published between 2020 and 2026.
Conference papers were identified through official conference repositories, the Computer Vision Foundation
(CVF) Open Access archive, and the Digital Bibliography & Library Project (DBLP) bibliography database
and were screened using the terms scoliosis, spine, spinal, vertebra, Cobb angle, and spinal curvature. We
also cross-referenced publications associated with the Accurate Automated Spinal Curvature Estimation
(AASCE) MICCAI 2019 challenge because of its role in establishing a benchmark dataset in this field. Only
full-length papers that had undergone formal peer review were eligible; preprints and extended abstracts
were excluded.

The primary search period began in 2015 to provide a comprehensive overview of the field since the
emergence of DL in medical image analysis. In contrast, the supplementary conference search was restricted
to 2020 onward to capture more recent methodological advances while minimizing duplication of earlier
architectures already represented in the journal literature.

Additionally, the reference lists of eligible articles were manually screened to identify relevant studies not
captured by the database searches. The detailed search strings and search dates are provided in
Supplementary Table 1.
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Eligibility criteria
Two reviewers independently screened and selected eligible studies, with disagreements resolved by
consensus.

Studies were eligible if they were published in English, addressed the diagnosis or assessment of AIS, and
focused on nongenetic forms of scoliosis. Exclusion criteria included letters to the editor, non-peer-reviewed
conference abstracts and extended abstracts, book chapters, non-English publications, review articles, meta-
analyses, systematic reviews, conference reviews, scoping reviews, tombstones, and notes. Full-length, peer-
reviewed papers published in the proceedings of the aforementioned computer science conferences were
considered eligible and were therefore not excluded under the conference-related criteria.

Data analysis

Data were systematically extracted from each included study into two standardized evidence tables. Table 1
summarizes the clinical and technical characteristics of each study, including publication details (author,
year, and country), the underlying AI model and its specific application, input data modality, measurement
standard, model-derived features or parameters, and reported performance metrics. Section “Methodological
quality and reporting practices” presents the methodological and reporting quality of the included studies
across the 12 predefined dimensions described in the following subsection.

Data extraction was performed independently by 2 reviewers using a predefined form, and discrepancies
were resolved through consensus. The synthesis focused on the analytical applications of ML for the
diagnosis and assessment of AIS and deliberately excluded applications involving surgical outcome
prediction or longitudinal progression modeling.

Evidence quality assessment

To evaluate the methodological rigor and reporting transparency of the included studies, we developed a 12-
dimensional quality assessment framework, with the corresponding results presented in Section
“Methodological quality and reporting practices”. The 12 dimensions were selected to capture aspects of
study design, data handling, and model evaluation that most directly influence the reliability and
reproducibility of Al research in AIS. These dimensions comprised study design, data partitioning (DP),
dataset source, dataset size, dataset scoliosis ratio (DSR), Cobb angle range reported (CAR), dataset quality
control (QC), codebase open source (COS), base model improvement (BMI), explainable AT used (XAI),
testing on external data (TED), and competitive models comparison (CMC).

Each dimension was evaluated according to whether the relevant information was fully reported, absent, or
partially reported in the original study. We deliberately did not combine these dimensions into a single
weighted quality score because doing so would require unsupported assumptions regarding their relative
importance and additivity. Such an arbitrary composite score could obscure the dimension-specific strengths
and deficiencies that Section “Data sources and modalities” was designed to highlight. Two reviewers
independently assessed all 45 studies, and disagreements were resolved through discussion. Section
“Methodological quality and reporting practices” provides the rationale for selecting these dimensions,
describes their alignment with established reporting standards, and analyzes cross-study patterns.

RESULTS

Overview of included studies

Study characteristics and distribution

The final search identified 45 eligible studies published between 2020 and 2026 [Figure 1]. Publication
activity was concentrated in the most recent 3 years, with 24 of the 45 studies (53.3%) published from 2024
onward [Figure 2]. This increase reflects both the maturation of DL tools for medical imaging and growing
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Table 1. Key characteristics and performance of Al models for AIS diagnosis and assessment in included studies

Ref.

Country

Base Al model

Al application

Input params

Model performance

Tinas and Esmer,
2024

Goral and Kose!,
2022

Wang et al.’®, 2024

Peng et al.®!, 2024

Kim et al.t?!, 2020

Maaliw et al.", 2022

Liu et al.t?, 2021

Zou et al.®, 2023

Shang et al.t"}, 2023

Liang et al.t™, 2023

Qiu et al.'®l, 2024

Dagli et al.t™, 2025

Zhu et al.t®, 2023

Zhao et al.™, 2024

Zhang et al.?9, 2021

Logithasan et al.y,
2022

Magnide et al.?2,

2021

Zhao et al.?*, 2025

Zhang et al.»¥, 2023

Turkey

Turkey

China

China

Korea

Philippines

China

China

China

China

China

USA

China

China
China

Canada

Canada

China

China

YOLO

CapsNet

U-Net

U-Net

U-Net

U-Net

Faster R-CNN

U-Net

SVM, XGBoost

YOLO

ResNet, U-Net

ResNet

U-Net

HRNet
U-Net

U-Net

ResNet, SVM

CNN,
Swin
Transformer

CNN with
attention
mechanisms

Diagnose (0/1)

Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation

Diagnose (0/1)

Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation

AVR calculation
Cobb calculation

AVR calculation

Skeletal maturity
assessment

Skeletal maturity
assessment

Classification

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Ultrasound coronal spine

image

Spine X-ray images (AP)

Wrist pulse signal

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)
Spine X-ray images (AP)

Spine X-ray images (AP)

Spine X-ray images (AP)

Pelvis radiographs

Smartphone photographs of

unclothed backs (standing)

Precision = 0.985, Recall = 0.982, F1
Score = 0.983

Accuracy = 0.98, Macro Average
Precision = 0.98, Macro Average
Recall = 0.98

Macro F1 Score = 0.94, Micro F1
Score = 0.98

SMAPE =11.67%

(LDEP method) MAE = 1.6°, Pearson
correlation = 0.983

CMAE = 3.51° + 3.89° (Internal),
4.11° £ 3.98° (External)

SMAPE = 7.84% (Internal), 6.44%
(External)

(Ground truth vs. Predicted Cobb
angle): MAPE = 8.18%, Accuracy =
91.81%

Automatic vs. US manual: MAD +
SD =4.3°+33°(R=0.89)
Automatic vs. Cobb: MAD + SD =
55°+4.6°(R=0.79)

SMAPE = 6.42%, CMAE = 3.01°

Accuracy = 0.7856 (SVM), 0.8046
(XGBoost)

Fl1-score = 0.8238 (SVM), 0.8540
(XGBoost)

SMAPE =11.74% +12.05%
(Internal), 5.90% + 6.12% (External)
CMAE = 2.49° +7.38° (Internal),
3.61° +3.04° (External)

SMAPE =7.28%, CMAE = 2.26°,
MAE = 3.18°

MAE =1.78° £ 1.61° (Internal), 2.22°
+2.04° (External)

SMAPE = 3.67% (Internal), 4.29%
(External)

ICC = 0.99 (Internal), 0.98
(External)

SMAPE =11.82%, ICC = 0.902,
0.915, MAD = 3.08°, 2.91°

Al vs. Expertl = 3.56°,3.99°, 4.29°,
Al vs. Expert2 = 3.69°,3.97°, 4.31°

SMAPE = 25.99%

MAD = 2.9° 4+ 2.2°, clinical
acceptance rate = 88.1%

Accuracy = 0.84
Humeral heads classification:
Accuracy = 0.78
Femoral heads classification:
Accuracy = 0.80

Accuracy = 81.53%, Precision =
80.63%, Recall = 80.80%, F1-score
=80.58%

[Training on Internal Data,
Validation on External Data]
Severity classification: AUC = 0.827
Curve type classification: AUC =
0.777 (T), 0.760 (TL/L), 0.860
(mix)
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Cobb calculation:

MAD = 2.15° +£1.69° (Cobb
calculation), 2.72° +£1.99° (Sagittal
parameters)

ICC =0.985 (Cobb calculation),

Diagnose (0/1), 0.927 (Sagittal parameters)

) o ; ; _ 5
Xie et al.?!, 2025 China ResNet Cobb calculation, spine X-ray images (AP, D|agr1g>ste. éccuracy 97.'2 /0 _
P LAT) Sensitivity = 0.968, Specificity =
Classification
0.976
Severity classification: Accuracy =
94.5%

Sagittal abnormalities classification:
Accuracy > 91.8%, Sensitivity >
93.6%, Specificity > 81.5%

MAE = 2.00° +1.43° (photography),
2.08° +1.38° (photo upload)

ICC > 0.97 (photography & photo
upload)

ResNet,

Lietal.?9, 2024 China
Transformer

Cobb calculation Spine X-ray images (AP)

Accuracy = 89.36%, Recall =
Wu et al.?”, 2022 China HRNet Cobb calculation Spine X-ray images (AP) 97.35%, SMAPE = 5.99%, MAE =
1.07°

MAD = 2.86°, MAPE = 3.86%

Maaliw et al.?®, 2023  Philippines U-Net Cobb calculation Spine X-ray images (AP) (accuracy = 96.13%)

Detection rate = 98%, CMAE = 2.8°
Wong et al.??, 2024  Canada U-Net Cobb calculation Spine X-ray images (AP) +2.8°, Within clinical acceptance (£
5°) = 91%

MAE = 2.036° (Expert1); 2.818°
(Expert2)
ME = -0.106° (Expert1); -0.262°
(Expert2)

Liu et al.®%, 2021 China Deeplab Cobb calculation Spine X-ray images (AP)

Cobb calculation:

SMAPE = 7.19%, MAE = 3.06°
(internal validation)

SMAPE = 8.44%, MAE = 5.31°
(external validation)

Lenke classification: Accuracy =
93%

CNN with

attention Cobb calculation, Spine X-ray images (AP, R
mechanisms, Classification & L-Bending)

XGBoost

Du et al.1, 2025 China

[Internal Set for Tuning, External Set

for Performance Validation]

Cobb calculation: MAE = 2.15°
Spine X-ray images (AP) (ALL), MAE =1.89° (Major curve)

Classification consistency for major

curve magnitude:

kappa = 0.77,1CC = 0.97(ALL)

Cobb calculation,

Luetal.®?, 2024 China HRNet D
Classification

Curvature type classification
(Standing): Accuracy = 0.887
Severity classification: Accuracy =

Smartphone photographs of 0.725

Lietal 2024 China YOLO, SAM Diagnose (0/1) unclothed backs (standing ~ Fusion method classification

& bending) accuracy = 0.793 (internal
validation), 0.702 (external
validation)
ATR calculation: MRE = 6.2%-10.3%

Zou et al.?4, 2023 China HRNet, U-Net Cobb calculation Spine X-ray images (AP) SMAPE =13.9%, CMAE = 2.56°
Spineweb dataset: MAE = 1.45°,

U-Net, ) ) . MAPE = 2.30%
Cobb calculation Spine X-ray images (AP) AASCE Challenge dataset: MAE =

3.01°, SMAPE = 6.21%

Gadu and Potala®®, India
2026 Transformer

(Curve type classification, Lenke
classification, Severity
classification):
Diagnose (0/1), Precision = 0.966, 0.914, 0.963,
Japan ResNet Cobb calculation, Spine X-ray images (AP) Recall = 0.952, 0.935, 0.957
Classification Cobb calculation:
SMAPE = 5.27%, median accuracy =
94.15%, median difference = 0.5°,
standard deviation = 1.375%

Rahmaniar et al.¢,
2024

CMAE =3.52°+1.07° (AP), 4.05° +
Spine X-ray images (AP, 1.36° (LAT)
LAT) SMAPE =13.71% + 4.76% (AP),
12.60% + 4.12% (LAT)

Zhang et al.*7,2022  China Faster R-CNN Cobb calculation
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Yang et al.8, 2025

Yao et al.B, 2022

Zhao et al.*%1, 2022

Feng et al.t*9, 2025

Gonzalez-Ruiz
et al.l“?, 2026

Chen et al.*¥, 2026

Stecher et al.t*4,
2025

Vishwakarma
et al.“), 2026

Lin et al.t4¢3, 2021

Huo et al.t#71, 2021

Zhou et al.®, 2024

Zhou et al.t*?!, 2026

Liet alt, 2026

China

China

China

China

Germany

China

Germany

India

China

China

China

China

USA

HRNet

CNN,
Transformer

U-Net

CNN

Linear
Regression
Model (LRM)

HRNet

SVM

CNN

ResNet,
EfficientNet

ResNet

ResNet

ResNet

ResNet

Diagnose (0/1),
Cobb calculation

Cobb calculation

Cobb calculation

Cobb calculation,
Classification

Cobb calculation

Cobb calculation,
Classification

Classification

Classification

Cobb calculation

Cobb calculation

Diagnose (0/1),
Classification

Classification

Diagnose (0/1),
Classification

Spine X-ray images (AP)
2-D slices of sagittal view
CT scans

Spine X-ray images (AP)

Spine X-ray images (AP)

3D back surface scan
(Adam'’s forward bend)

3D back surface scan
(standing)

Spine X-ray images (AP)

Torsobarographic pressure
images

gait video

Spine X-ray images (AP)

Spine X-ray images (AP)

Gait silhouette video

2D pose keypoints (from
Gait video)

Gait video + text guidance
(expert + GPT-40
generated)

SMAPE=10.24% + 0.29%

SMAPE = 8.26%, MAD = 3.76°

CMAE = 3.38°, SMAPE =15.35%

Cobb angle: MAE = 2.9°+ 0.3°,
RMSE = 6.9°+0.7°

Curve type (thoracic, lumbar, mixed,
none):

Sensitivity = 73%, 89%, 89%, 75%,
Specificity = 92%, 81%, 97%, 94%
Curve direction (right, left, none):
Sensitivity = 80%, 75%, 80%,
Specificity = 96%, 97%, 84%

MAE = 3.97° (95%Cl: 2.87°-5.09°),
RMSE = 4.70° (95%Cl: 3.43°-5.77°)

MAE = 4.03°+3.12° (T), 3.75° +
2.94° (TL/L)

Severity Level (internal dataset,
external dataset):

Accuracy = 94.17%, 87.13%-94.17%
Curve Type (internal dataset,
external dataset):

Accuracy = 98.48%,
88.24%-98.73%

k =0.91, Accuracy = 97.0%,
Sensitivity = 92.0%, Specificity =
98.0%

Accuracy = 89.05%, Sensitivity =
89.22%, Specificity = 92.48%

SMAPE=7.32%, MAE=3.73°

SMAPE=20.51% (128 test);

Accuracy = 82.0% (ScoNet-MT),

51.3% (ScoNet)

Sensitivity = 99.0% (ScoNet-MT),
100.0% (ScoNet)

Specificity = 76.5% (ScoNet-MT),
33.2% (ScoNet)

Accuracy = 86.0%, Macro-averaged
Precision = 84.1%

Macro-averaged Recall = 79.2%,
Macro-averaged F1=380.8

Accuracy = 89.9%, Sensitivity =
99.5%, Specificity = 86.4%, F1=
90.2

Al: Artificial intelligence; AlS: adolescent idiopathic scoliosis; AUC: area under the ROC curve; ICC: intraclass correlation coefficient; AP:
average precision; MRE: mean radial error/mean relative error; MAD: mean absolute difference; SD: standard deviation; ME: mean error;
MAE: mean absolute error; CMAE: circular mean absolute error; MAPE: mean absolute percentage error; SMAPE: symmetric mean absolute
percentage error; R: Pearson correlation coefficient; LDEP: line detection and endpoint projection; SVM: support vector machine; CNN:
convolutional neural network; LAT: lateral; T: thoracic; TL: thoracolumbar; R & L-Bending: right and left bending; ALL: all curves; ATR: angle of
trunk rotation; AASCE: Accurate Automated Spinal Curvature Estimation; CT: computed tomography; RMSE: root mean square error.

clinical interest in Al-assisted spinal assessment. The geographic distribution was heavily skewed toward
China, which contributed 30 studies (66.7%). Canada contributed 3 studies, while Turkey, the Philippines,
the United States, Germany, and India each contributed 2. Korea and Japan each contributed 1 study.

Notably, despite the diversity of input modalities across the included studies, all reported sample sizes

represented counts of individual analytical units, allowing quantitative comparison of sample sizes across

different input types. For gait-based studies, the sample size refers to the number of video sequences rather



Page 645 Su et al. Art Int Surg. 2026;6:638-64

Identification of studies via database and registers

Records identified from:
Databases (n = 8,579)

PubMed (n = 3,246) Records removed before screening:

Embase (n = 3,443) .
IEEE Xplore (n = 1,727) Duplicate records removed (n = 89)
MICCAI (n = 59)
CVPR (n = 25)
ICML (n =79)

Identification
\ 4

® o o o o o

Records screened (n = 8,490)

» PubMed (n = 3,246) Records excluded (n = 8,175):
Embase (n = 3,359)
IEEE Xplore (n = 1,722) d e non-article (n =2,174)

MICCAI (n = 59) e non-relevant publications (n = 6,001)
CVPR (n = 25)
ICML (n = 79)

e o o o o

Screening

Reports sought for retrieval (n = 315):
Reports excluded (n = 270):
PubMed (n = 84)
Embase (n = 23) Study design (n = 251)
IEEE Xplore (n = 45) ¢ Incomplete data (n = 5)
MICCAI (n = 59) Irrelevant outcomes (n = 13)
CVPR (n = 25) e Other reasons (n=1)

ICML (n = 79)

Y

Y

Studies included in review (n = 45):

e PubMed (n =22)

e Embase (n=4)

o |IEEE Xplore (n = 14)
e MICCAI (n =5)

e CVPR (n=0)

e ICML(n=0)

Included

Figure 1. PRISMA flow diagram. Flowchart illustrating the study identification, screening, eligibility, and inclusion process for this
systematic review. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses; IEEE: Institute of Electrical and
Electronics Engineers; MICCAI: Medical Image Computing and Computer Assisted Intervention; CVPR: Computer Vision and Pattern
Recognition; ICML: International Conference on Machine Learning; n: number of records, reports, or studies, as applicable.

than individual participants or image frames. Sample sizes varied substantially, ranging from fewer than 100
images to more than 20,000. The median sample size was 609, a value strongly influenced by the widespread
use of the AASCE MICCAI 2019 challenge dataset, which contains 609 anteroposterior spine radiographs
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Distribution of Included Studies by Publication Year (n = 45)
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Figure 2. Distribution of included studies by publication year. Bar chart showing the number of included studies (n = 45) published each
year from 2020 to 2026. The country distribution of the included studies is provided at the bottom.

and served as the sole or partial data source for 10 studies. The concentration of both geographic origin and
benchmark data within a limited number of sources has implications for the diversity of clinical settings
represented in the current evidence base.

AT architectures and methodological landscape

The 45 studies employed a diverse range of model architectures encompassing both classical ML and modern
DL approaches [Table 2]. U-Net and its variants were the most frequently used architectures, appearing in 14
studies, predominantly for vertebral and spinal segmentation. ResNet served as a versatile feature-extraction
backbone in 11 studies and was applied to classification, landmark detection, and direct angle regression.
HRNet was used in 6 studies for tasks requiring preservation of high-resolution spatial information,
particularly vertebral keypoint localization. Convolutional Neural Network (CNN)-Transformer hybrid
architectures appeared in 4 studies, reflecting a recent trend toward integrating local feature extraction with
global contextual modeling. Classical ML methods, including Support Vector Machine (SVM) and XGBoost,
were used in 4 studies, representing a total of 5 model applications. These methods were primarily applied to
classification tasks using structured feature inputs rather than raw images. Less frequently used architectures
included YOLO and Faster R-CNN for object detection, CapsNet for pose-aware landmark detection, and
DeepLab and Segment Anything Model (SAM) for semantic segmentation. Several studies integrated
multiple model families within a single pipeline, using one architecture for feature extraction or
segmentation and another for downstream classification or regression.

Data sources and modalities

The input data modalities used across the 45 studies are summarized in Table 3. Anteroposterior spine
radiographs remained the predominant input modality and were used in 29 studies. An additional 5 studies
expanded radiographic inputs to include lateral views, bending radiographs, pelvic radiographs, or CT slices.
Opverall, radiograph-based studies accounted for 34 of the 45 studies (75.6%).
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Table 2. Al architectures and their roles in included AlS studies

Model family n  Primary technical role

U-Net and variants 14 Vertebral/spinal semantic segmentation

ResNet n Feature backbone for classification, landmark detection, and direct regression
HRNet 6 High-resolution keypoint and landmark localization

CNN + Transformer hybrids 4 Joint local and global feature extraction for landmark detection

YOLO 3 Real-time vertebral object detection and landmark localization

SVM 3 Classical classification for structured feature inputs

CNN + Attention 2 Region-focused analysis with interpretable attention maps

Faster R-CNN 2 Two-stage object detection for vertebral structure localization

XGBoost 2 Gradient-boosted ensemble classification

Other 5 CapsNet, Deeplab, SAM, Swin Transformer, EfficientNet (1 study each)

‘Single-study models were grouped for readability. Several studies used multiple models; counts represent the number of studies employing each
model family rather than mutually exclusive assignments. Al: Artificial intelligence; AlS: adolescent idiopathic scoliosis.

Table 3. Categorization of input data modalities in included AlIS studies

Input Modality n
Radiographic (n = 34, 75.6%)

Spine X-ray (AP) 29
Spine X-ray (AP and LAT) 2
Spine X-ray (AP and Bending) 1
Spine X-ray (AP) and CT sagittal slices 1

-

Pelvis radiograph

Non-radiographic (n =11, 24.4%)

Gait video 4
Smartphone back photograph 2
3D back surface scan 2
Ultrasound (coronal VPI) 1
Torsobarographic pressure imaging 1
Wrist pulse signal 1

AlS: Adolescent idiopathic scoliosis; AP: anterior-posterior; LAT: lateral; VPI: volume projection imaging.

The remaining 11 studies (24.4%) used non-radiographic inputs spanning 6 distinct modalities. Gait video
analysis constituted the largest non-radiographic category, with 4 studies, followed by smartphone back
photography and 3D surface scanning, with 2 studies each. Ultrasound, torsobarographic pressure imaging,
and wrist pulse signals were each investigated in a single study. The emergence and expansion of these non-
radiographic approaches are examined in detail in Section “The shift toward radiation-free AIS assessment”.

Al applications across clinical tasks in AIS

The 45 included studies addressed 5 distinct clinical tasks. Many studies contributed to more than one task,
most commonly by combining Cobb angle measurement with severity classification or curve typing within a
single pipeline. The following subsections organize the literature according to clinical task to identify both
the areas in which substantial progress has been achieved and those that remain underexplored. Detailed
performance metrics for all included studies are provided in Table 1. Studies using non-radiographic input
modalities are discussed in detail in Section “The shift toward radiation-free AIS assessment” and are
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[ Input: AP Spinal Radiograph

Segmentation-Driven Landmark-Driven Hybrid / Multi-Stage
Pipeline Pipeline Approaches
1.Vertebral body segmentation 1.Corner / center point detection -Seg ion + landmark refi
2.Endplate tilt computation 2.Vertebral tilt vector calculation - Joint segmentation-regression
3.End vertebra identification 3.End vertebra identification - Centerline extraction + curvature fitting
4.Geometric Cobb derivation 4.Geometric Cobb derivation - End-to-end direct angle regression
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U-Net, Deeplab HRNet, ResNet, YOLO, Faster R-CNN, U-Net + HRNet, ResNet + EfficientNet,
CapsNet, CNN + Transformer U-Net + Transformer
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Figure 3. Methodological approaches to automated Cobb angle measurement. Schematic overview categorizing the radiograph-based
studies into segmentation-driven, landmark-driven, and hybrid/multi-stage pipelines, along with the representative Al models used in
each approach. AP: Anterior-posterior; Al: artificial intelligence.

referenced only briefly here. More detailed information on the clinical tasks is provided in Supplementary
Table 2.

Cobb angle measurement

Automated Cobb angle measurement was the most extensively investigated task, addressed by 32 of the 45
included studies. Of these, 29 used anteroposterior spinal radiographs, whereas 3 used non-radiographic
modalities (Section “The shift toward radiation-free AIS assessment”). The methodological approaches could
be broadly classified into 3 categories [Figure 3]. Segmentation-driven pipelines train a network to delineate
vertebral contours, estimate endplate inclination from the resulting masks, and geometrically derive the
Cobb angle. Landmark-driven pipelines detect anatomical keypoints, such as vertebral corners or centroids,
and calculate the angle using vector geometry. Hybrid and multistage pipelines combine elements of both
approaches or employ joint segmentation-regression frameworks.

Despite substantial architectural diversity, reported performance converged within a relatively narrow range.
In X-ray-based studies, mean absolute error (MAE) values typically ranged from 1.07° to 5.31°, while
symmetric mean absolute percentage error (SMAPE) values ranged from 4% to 15%. These values approach
the documented range of inter-observer variability in manual Cobb angle measurement™ ", suggesting that
automated methods are approaching the practical accuracy ceiling imposed by variability in the reference
standard itself. Several studies reported reduced performance for mild curves below 10° and severe curves
above 50°, for which end-vertebra identification is particularly challenging because of subtle differences in
vertebral tilt or complex multicurve patterns.

Two extensions beyond standard anteroposterior Cobb angle measurement are noteworthy. Du et al.
incorporated bending radiographs for Lenke classification alongside Cobb angle measurement,
demonstrating that a single pipeline could support multiple components of the preoperative assessment
workflow"'l. Given the 3D nature of AIS, Zhang et al. used lateral radiographs to measure sagittal
parameters, enabling a more comprehensive evaluation of spinal deformity"””. These extensions suggest a
broader trajectory toward Al systems capable of supporting comprehensive clinical assessment rather than
isolated measurements.


https://file.oaecenter.com/published/pdf/389ff26b29bf12e48b73f7eeaf7ce902/1794804823/ais6059-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/389ff26b29bf12e48b73f7eeaf7ce902/1794804823/ais6059-SupplementaryMaterials.pdf
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Binary scoliosis classification

Binary classification of scoliosis was addressed in 8 studies, 4 of which used non-radiographic inputs (Section
“The shift toward radiation-free AIS assessment”). Among radiograph-based studies, binary classification
was typically incorporated into broader analytical pipelines rather than treated as a standalone objective. The
high classification accuracy reported in these studies likely reflects the relative simplicity of the task on
radiographic images, where the visual features distinguishing scoliotic from non-scoliotic spines are
relatively well defined. A more clinically relevant question is whether AI can achieve reliable detection using
lower-cost and more accessible inputs in settings where radiography is unavailable, a gap that the non-
radiographic approaches discussed in Section “The shift toward radiation-free AIS assessment” seek to
address.

Curve classification and severity grading

Classification according to severity, curve type, or structured taxonomic systems was addressed in 12 studies.
Among the X-ray-based studies, 2 distinct strategies emerged. The first derives classifications from
automated Cobb angle measurements by applying established clinical thresholds"**’, providing a transparent
and clinically verifiable approach. The second directly addresses multiparameter classification systems. Du et
al.®’and Rahmaniar et al.” investigated automated Lenke classification, which requires simultaneous
assessment of curve type, lumbar modifier, and sagittal modifier. Du et al. incorporated bilateral bending
radiographs to assess curve flexibility and achieved an accuracy of 93%, representing one of the most
clinically comprehensive single-pipeline applications identified in this review"'!. Xie et al. extended
classification to sagittal alignment abnormalities using biplanar radiographs, reflecting increasing clinical
attention to sagittal balance in AIS management””’. Among studies using non-radiographic modalities
(Section “The shift toward radiation-free AIS assessment”), classification performance was consistently lower
than that achieved with radiograph-based approaches, particularly when distinguishing adjacent severity
categories and mixed curve patterns.

Vertebral rotation assessment

Only 2 studies addressed automated assessment of AVR. Zhao et al. used HRNet for vertebral landmark and
pedicle detection and subsequently applied the Stokes method to estimate AVR, achieving greater accuracy at
the main thoracic curve than at the lumbar or upper thoracic segments"®. Logithasan et al. used U-Net-
based segmentation of the spinal column, vertebrae, and pedicle regions to derive AVR, achieving a clinical
acceptance rate of 88.1%"'. The limited number of studies addressing this task is notable given the clinical
importance of vertebral rotation in surgical planning and the poor reproducibility of manual AVR
measurements. The dependence of the Stokes method on precise pedicle identification, which is technically
challenging on plain radiographs, may partly explain the limited research activity in this area.

Skeletal maturity assessment

Two studies investigated automated Risser sign grading. Magnide et al. trained a ResNet-SVM pipeline to
classify Risser stages using multiple anatomical regions on AP spinal radiographs, achieving accuracies of
78%-84% depending on the region analyzed. Zhao et al. used a CNN-Swin Transformer hybrid model on
pelvic radiographs and achieved an overall accuracy of 81.5%, with Gradient-weighted Class Activation
Mapping (Grad-CAM) visualization confirming that model attention was focused on the iliac apophysis*.
Both studies reported that early Risser stages, particularly stage 0, were the most difficult to classify, likely
because pre-ossification states provide fewer discriminative imaging features. Given that the primary clinical
value of Risser staging lies in identifying patients who remain in periods of rapid growth and are therefore at
greater risk of curve progression”®", future studies may benefit from evaluation metrics that assign greater
penalties to prognostically consequential misclassifications than to errors between adjacent stages.



Su et al. Art Int Surg. 2026;6:638-64 Page 650

Table 4. Summary of evidence quality assessment in included studies

Ref. Study Design DP Dataset source Dataset size DSR CAR QC COS BMI XAl Used TED CMC
Tinas and Esmert®), 2024 Retrospective  Yes Public 259 participants 71188 - Not specified No No No No  VYes
Goral and Kose!”}, 2022 Retrospective  Yes Public 609 images - - Expert-reviewed/guided No Yes ZCSZM) No  VYes
Wang et al.’®, 2024 Retrospective  Yes Public 580 images - - Not specified No Yes No No  VYes
Peng et al.®?, 2024 Retrospective  Yes Private 155 images - - Expert-reviewed/guided No Yes No No  VYes
Yes
Kim et al.t®}, 2020 Retrospective ~ Yes Private 629 images - - Expert-annotated No Yes (confidence map +tilt Yes Yes
field)
Maaliw et al.t™, 2022 Retrospective  Yes Public, Private 210 images - - Not specified No Yes No No  Yes
Liu et al.t™?, 2021 Retrospective ~ Yes Private 200 images 0:1 10°-45° Not specified No No No No  No
Zou et al.t™, 2023 Retrospective  Yes Public 609 images - - Not specified No Yes No No  VYes
Shang et al., 2023 Retrospective ~ No  Private 242 pulse recordings - - Not specified No No No No  No

Liang et al.t™, 2023 Retrospective ~ Yes Public, Private Pu.th:.707.lmageS - 0°-80° Expert-annotated No  Yes No Yes Yes
Private: 36 images

Yes

i (el 7 H i - - -
Qiu et al.t®l, 2024 Retrospective  Yes Public 609 images Expert-annotated No Yes (Grad-CAM) No  VYes
) ) . . Public: 609 o ono
Dagli et al.t”3, 2025 Retrospective  No  Public, Private ) ) . 01 10°-80 Expert-annotated No No No Yes Yes
Private: 166 images
Zhu et al.l'®, 2023 Retrospective  Yes Private 380 images - - Expert-reviewed/guided No Yes No No  VYes
Zhao et al.™, 2024 Retrospective No  Public, Private Pgbllc: 609 . - - Expert-annotated No Yes No No Yes
Private: 220 images
Yes
Zhang et al.t??, 2021 Retrospective  Yes Public 707 images - - Not specified Yes Yes (NDPAFsvisualization No  Yes
+ heatmap)

Training dataset: 25.5°
+16.2° (range 6° to
Logithasan et al.?¥, 2022 Retrospective ~ Yes Private 297 images 0:1 97°) Expert-annotated No Yes No No  VYes
Test dataset: 26.3° +
10.6° (range 7° to 41°)

. . . . o Yes
(22 R _
Magnide et al.?2!, 2021 Prospective Yes Private 514 segmented images 0:1 Not specified No Yes (Grad-CAM) No  VYes
634 images (for iliac region
. . detection) Yes
[23] - - -
Zhao et al.?3, 2025 Retrospective  Yes Private 1266 images (for Risser stage Expert-annotated Yes Yes (Grad-CAM) No  VYes

assessment)
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Zhang et al.t>¥, 2023

Xie et al.?), 2025

Liet alts, 2024

Wu et al.?71, 2022

Maaliw et al.28, 2023

Wong et al.?, 2024

Liu et al.3%, 2021

Du et al.®”, 2025

Lu et al.®2, 2024

Lietalt, 2024

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Yes

Yes

Yes

Yes

Yes

Yes

Private

Private

Private

Public, Private

Public

Private

Public

Public, Private

Public, Private

Private

5,152 reference radiographs

600 patients

20,802 images

Public: 72
Private: 901 images

318 images

330 images

157 images

Public: 609
Private: 372 images

Public: 481
Private: 118 patients

3,640 images

308:292

0:1

0:1

0:1

0:1

6:112

Cobb angle < 20°
group: 3.9°+1.2°
Cobb angle 20°-40°
group: 16.1° + 6.3°
Cobb angle > 40°
group: 48.7° £ 22.6°

0°-77.7°

Cobb angle < 25°
group: 19.43° + 3.35°
(maximum = 24.92°)
Cobb angle 25°-45°
group: 32.99° +5.52°
(maximum = 44.93°)
Cobb angle > 45°
group: 52.04° + 6.51°
(maximum = 75.02°)

Spinal column
segmentation training
dataset: 24.6° £12.4°
(range 6°to 97°)
Vertebral body
segmentation training
dataset: 24.9° £10.8°
(range 7° to 54°)
Cobb angle
measurement test
dataset: 24.6° +
9.7°(range 8° to 52°)

PT Cobb: 24.30° +
17.87°

MT Cobb: 47.36° +
12.27°

TL Cobb: 36.22° +

14.51°

23.62° (16.54°,
30.52°) (median, Q1,
Q3)

Expert-annotated

Expert-reviewed/guided

Expert-annotated

Expert-annotated

Expert-annotated

Expert-reviewed/guided

Expert-annotated

Expert-annotated

Expert-annotated

Expert-annotated

Yes

No

No

No

No

No

No

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes
(Score-CAM)

No

Yes
(visual segmentation
outputs)

Yes
(visual keypoint
outputs)

No

Yes
(visual keypoint +
contour outputs)

Yes

No

Yes

No

Yes

Yes

Yes

Yes

Yes
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Zou et al.?4, 2023 Retrospective  Yes Public, Private qullc: 609 . - 0°-90° Not specified No Yes No No  VYes
Private: 508 images
. ) Spine Web: 609 images;
(351 . o_7co _
Gadu and Potalat, 2026 Retrospective  Yes Public AASCE: 609 images 0:1 17°-75 Expert-annotated No Yes No No  VYes
Yes
Rahmaniar et al.?%, 2024 Retrospective  Yes Public 481 images - 0°-90° Not specified No Yes (visual Ul +bounding No  Yes
box + labels)
Zhang et al.®”, 2022 Retrospective ~ Yes Private 2,738 radiograph pairs 0:1 - Expert-annotated No Yes No No  VYes
Public: 591 Tes
Yang et al.B®, 2025 Retrospective  Yes Public, Private o . - - Not specified No Yes (heatmaps +anatomy No  Yes
Private: 819 images :
metrics)
Yao et al.®%, 2022 Retrospective  Yes Public 609 images - 26.64° +£17.08° Not specified No Yes No No  VYes
. . . Public: 98 e
Zhao et al.t4%1, 2022 Retrospective  Yes Public, Private . . - - Not specified No Yes No Yes Yes
Private: 185 images
Feng et al.t“v, 2025 Prospective Yes Private 160 |mage§ (640 after 0:1 3°-99° Expert-annotated No Yes No No Yes
augmentation)
Gonzalez-Ruiz et al.*?, 2026 Retrospective ~ Yes Private 106 participants 0:1 10°-60° Not specified No No  No No  VYes
Chen et al.*3, 2026 Retrospective ~ Yes Private 3,899 images - 0°-80° Expert-annotated No Yes No Yes Yes
Stecher et al.™4, 2025 Prospective Yes Private 87 participants - ?ge;rf:gtef;ibb angle Expert-annotated No No No No  VYes
Vishwakarma et al.“%), 2026 Retrospective  Yes Public 1,493 video sequences 493:800 - Not specified No Yes Yes‘ . Yes Yes
(activation heatmap)
Lin et al.t#¢1, 2021 Retrospective  Yes Public 609 images - - Not specified No Yes ZSZM) No  VYes
Huo et al.*71, 2021 Retrospective ~ Yes Public 609 images - - Not specified No Yes No No  Yes
Zhou et al.8, 2024 Retrospective  Yes Public 1,493 video sequences 493:800 - Expert-annotated Yes VYes ves . No  VYes
(attention transfer)
Zhou et al.¥*1, 2026 Retrospective  Yes Public 1,493 video sequences 493:800 - Expert-annotated Yes VYes Z(?ZM) No  VYes
Liet al.5, 2026 Retrospective  Yes Public 1,493 video sequences 493:800 - Expert-annotated Yes Yes No No  VYes

The Scoliosis1K dataset contains 1,493 video sequences, including 800 normal, 493 scoliosis, and 200 neutral (borderline) sequences. The neutral sequences are excluded from the DSR calculation. DP: Data partitioning; DSR:
dataset scoliosis ratio (Normal: Scoliosis); CAR: Cobb angle reported; QC: dataset quality control (measurement quality control); COS: codebase open source; BMI: base model improvement; XAl: explainable artificial
intelligence; TED: testing on external data; CMC: competitive models comparison; CAM: class activation mapping; NDPAFs: non-directional part affinity fields; Ul: user interface.
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The shift toward radiation-free AIS assessment

Repeated radiographic imaging is a well-recognized concern in the management of AIS. Patients typically
undergo serial full-spine radiographs over several years of growth monitoring, and cumulative radiation
exposure during adolescence may have long-term health implications. This concern has motivated a growing
body of research seeking to replace or supplement conventional radiography with non-radiographic input
modalities. Among the 45 studies included in this review, 11 (24.4%) used input data that did not involve
ionizing radiation, encompassing 6 distinct modalities. Most of these studies were published after 2022,
suggesting that radiation-free Al-based assessment of AIS represents an emerging and increasingly active
research direction rather than an isolated line of investigation.

Ultrasound-based assessment represents one of the earliest efforts to incorporate radiation-free imaging into
Al-assisted scoliosis evaluation. Liu et al. developed a DL pipeline that first detected vertebral laminae in
ultrasound volume projection images and then estimated spinal curvature from the identified landmarks"”.
The method demonstrated moderate agreement with manual ultrasound measurements and somewhat
weaker agreement with radiographic Cobb angles, reflecting the inherent differences between ultrasound-
derived curvature measurements and the radiographic reference standard. Ultrasound offers the advantages
of real-time, portable imaging without ionizing radiation; however, its dependence on operator skill and
acoustic window quality introduces variability that may be difficult to standardize across clinical settings.

At the other end of the input spectrum, Shang et al. explored a fundamentally different signal source by
using radial pulse waveforms for scoliosis classification"*. This approach was based on traditional Chinese
medicine concepts linking spinal alignment with peripheral vascular dynamics. Using classical ML classifiers
applied to pulse-signal features, the study achieved a classification accuracy below 81%, which remains
insufficient for standalone clinical diagnosis. The primary significance of this work lies less in its current
performance than in demonstrating that scoliosis may be associated with detectable physiological signals
beyond the musculoskeletal system. Whether pulse-derived features could complement other modalities
within a multimodal screening framework remains to be determined.

Smartphone-based back photography has attracted increasing attention as a low-cost and highly accessible
screening modality. Zhang et al. trained a model using back photographs to perform severity classification
and curve-type classification and retrospectively assessed disease progression by comparing paired baseline
and follow-up photographs with corresponding radiographic changes”’. Li et al. adopted a more
comprehensive strategy by developing a keypoint-detection model for the back surface, followed by
downstream classification of curve type and severity"”’.. The study also attempted to estimate axial trunk
rotation through edge detection on surface images. Both studies demonstrated that clinically relevant
postural features can be extracted using a standard smartphone camera without specialized equipment.
However, model performance varied substantially across classification categories, with mixed-type curves
and moderate-severity scoliosis proving particularly difficult to distinguish. Smartphone-based assessment is
therefore highly attractive for large-scale community screening, particularly in settings with limited access to
radiography; nevertheless, neither study demonstrated sufficient accuracy to support clinical decision-
making at the individual-patient level.

3D surface scanning provides a more structured alternative to smartphone photography by capturing the
complete topography of the torso. Feng et al. used a structured-light 3D scanner to reconstruct trunk surface
geometry and trained a model to estimate the Cobb angle, curve type, and curve direction directly from
surface datal""!. This study was notable for its prospective design and strong correlation with radiographic
Cobb angles, with an MAE of less than 3°. Gonzalez-Ruiz et al. similarly estimated Cobb angles from 3D
surface scans and reported comparable accuracy with corresponding 95% confidence intervals'*”. Together,
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these studies indicate that external trunk morphology contains sufficient geometric information to
approximate underlying spinal curvature with clinically meaningful precision. The principal limitations of
3D surface scanning are the cost of specialized equipment and the requirement for a controlled acquisition
environment, which favor its use in clinic-based settings rather than community-level screening.

Torsobarographic pressure imaging, investigated by Stecher et al., captures pressure-distribution patterns
while the patient lies on a sensor mat'**. This modality reflects asymmetric load distribution resulting from
spinal and rib cage deformities. The study used a prospective design and achieved high classification
accuracy, suggesting that pressure-derived features may be both discriminative and reproducible. As a
passive and fully automated measurement technique that does not require specialized patient-positioning
skills, torsobarography has practical advantages for integration into routine clinical workflows. However, its
current evidence base is limited by the absence of replication by independent research groups and the lack of
validation across diverse patient populations.

Gait video analysis represented the largest category of non-radiographic research identified in this review,
accounting for 4 of the 11 studies (36.4%). Vishwakarma et al.*”), Zhou et al."**, Zhou et al."*, and Li et al."*"
all used video-derived gait features to classify scoliosis, based on the premise that spinal deformity produces
detectable asymmetries in walking patterns. Reported classification accuracies ranged from 82% to
approximately 90%, with sensitivity exceeding 99% in some model configurations. Gait analysis is
particularly attractive as a screening modality because it requires only a standard video camera, involves no
physical contact with the patient, and can be performed in an open environment. However, an important
limitation must be considered when interpreting these findings. All 4 studies used the same Scoliosis1K
dataset for model training and evaluation. Consequently, these studies should not be considered 4
independent validations of gait-based scoliosis detection. Rather, they represent 4 methodological
approaches evaluated in the same population under a common data-collection protocol. The resulting
evidence base is therefore narrower than the number of studies might suggest, and the generalizability of
gait-based classification across different clinical settings, camera configurations, and patient populations
remains uncertain.

In conclusion, the 11 non-radiographic studies exhibited several characteristics that distinguished them from
the broader AI-AIS literature. They were predominantly recent, were more likely to use prospective study
designs (2 of the 3 prospective studies identified in this review belonged to this group), and focused primarily
on screening-oriented tasks rather than precise quantitative measurements. The wide range of modalities
under investigation indicates that the field has not yet converged on a dominant non-radiographic approach.
Although this diversity reflects substantial methodological innovation, it also suggests that no single modality
has yet demonstrated sufficient advantages to replace radiography in clinical assessment. The shared-dataset
limitation observed in gait-analysis studies further highlights the need for larger, publicly available,
multicenter datasets that enable independent validation across this emerging field. For non-radiographic
approaches to progress from research prototypes to clinically applicable tools, future studies should
demonstrate robust performance not only against radiographic reference standards but also across the
demographic, anthropometric, and environmental heterogeneity encountered in real-world adolescent
populations.

Methodological quality and reporting practices

To move beyond a narrative summary of model performance toward a more structured evaluation of
evidence quality, we assessed all 45 included studies using a domain-specific quality framework informed by
the 2024 update of the CLAIM"*. CLAIM provides a standardized set of reporting items for AI studies in
medical imaging, from which we selected 12 assessment dimensions considered most relevant to the AI-AIS
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literature. Each dimension presented in Table 4 corresponds to one or more CLAIM items. Study Design
corresponds to CLAIM Item 5 (prospective or retrospective design). Dataset Source and Dataset Size
correspond to CLAIM Items 7 and 21, respectively. DP corresponds to CLAIM Item 19. DSR and CAR both
correspond to CLAIM Item 36, which addresses the demographic and clinical characteristics of the study
population. QC encompasses CLAIM Items 14, 16, and 18, covering reference-standard definition,
annotation source, and inter- or intrarater variability. BMI corresponds to CLAIM Item 22 regarding
detailed model description. COS corresponds to CLAIM Item 43 on software and data availability. XAI Used
corresponds to CLAIM Item 31 on interpretability methods. TED corresponds to CLAIM Item 33, and CMC
corresponds to CLAIM Item 28 on performance metrics. The following sections synthesize findings across
these dimensions to identify methodological strengths and critical gaps in the current AI-AIS literature.

Strengths and gaps in current AI-AIS reporting

The field demonstrated consistent strengths in several aspects of methodological reporting. Forty-two of the
45 studies (93.3%) clearly described their data-partitioning strategies, indicating that separation of training,
validation, and test sets has become a well-established practice. Similarly, 42 studies (93.3%) included
comparisons with competitive baseline models, and 39 (86.7%) reported meaningful improvements over
these baselines. These findings suggest that the AI-AIS research community has largely adopted the
expectation that newly developed methods should be benchmarked against existing approaches and that
architectural innovations should be described in sufficient detail to facilitate replication.

Annotation quality is fundamental to supervised learning and was explicitly addressed in 28 of the 45 studies
(62.2%). Among these, 23 relied on expert-annotated ground truth, whereas 5 used expert-reviewed or
expert-guided labeling. This level of specialist involvement represents an important methodological strength
because the reliability of Cobb angle measurement and vertebral landmark identification depends heavily on
annotator expertise. However, the remaining 17 studies (37.8%) did not specify how annotations were
generated or quality controlled. This group was not entirely homogeneous. Several studies relied on the
AASCE MICCAI 2019 challenge dataset, which was released with challenge-organizer annotations and
therefore provides an implicit level of annotation quality even when individual authors did not describe their
own QC procedures. The concern is greater for studies that constructed private clinical datasets without
reporting annotation provenance, annotator qualifications, or inter-rater agreement, because readers are
then unable to assess the reliability of the ground truth underlying the reported results.

External validation remained a major limitation. Only 12 of the 45 studies (26.7%) evaluated their models
using data from institutions or populations not represented in the training set. The remaining 33 studies
(73.3%) relied exclusively on internal data splits, which cannot adequately account for distribution shifts
arising from differences in imaging equipment, acquisition protocols, patient demographics, and annotation
conventions across clinical settings. This limitation is particularly relevant to Cobb angle measurement
models, for which even small systematic biases may shift a patient across clinical decision thresholds for
bracing or surgery.

The predominance of retrospective study designs further limited the strength of the available evidence.
Forty-two of the 45 studies (93.3%) were retrospective and relied on pre-existing image archives rather than
prospectively defined cohorts. Only 3 studies adopted prospective designs. Magnide et al. prospectively
validated an automated Risser grading system using spinal radiographs®/, Feng et al. prospectively collected
3D surface scans under a standardized protocol™’, and Stecher et al. prospectively enrolled patients for
torsobarographic scoliosis classification'**. The latter 2 studies used non-radiographic modalities, reinforcing
the broader shift toward radiation-free assessment described in Section “The shift toward radiation-free AIS
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assessment”. The near absence of prospective validation across the remaining literature indicates that most
reported performance estimates have not been evaluated under real-time clinical conditions, in which
variability in image quality, patient positioning, and workflow constraints may not be adequately represented
by retrospective datasets.

Interpretability methods have received increasing attention but remain relatively uncommon. Sixteen of the
45 studies (35.6%) incorporated some form of XAI, most commonly Grad-CAM, Score-CAM, or confidence-
map visualizations that enable clinicians to inspect the image regions contributing to model predictions.
Such approaches represent an important step toward clinical interpretability, particularly because clinicians
may be reluctant to adopt measurement tools whose decision-making processes cannot be examined.
Nevertheless, 29 studies (64.4%) provided no interpretability mechanism. For tasks such as Cobb angle
measurement, where clinical decisions depend directly on quantitative outputs, the inability to verify
whether a model is correctly identifying the relevant vertebral endplates rather than adjacent soft-tissue
structures may represent a practical barrier to clinical adoption.

Code and data availability represented one of the most pronounced deficiencies. Only 6 of the 45 studies
(13.3%) released their source code or provided an openly accessible platform, leaving most studies without a
means for independent verification, secondary analysis, or downstream benchmarking. This limited
openness is particularly problematic given the heavy reliance on a small number of shared datasets. Ten
studies (22.2%) used the AASCE MICCAI 2019 challenge dataset, which contains only 609 anteroposterior
spine radiographs. Because this dataset originates from a single institution and follows a fixed imaging
protocol and annotation convention, models trained and evaluated predominantly on AASCE data inevitably
reflect characteristics of that specific clinical environment. Multiple research groups have developed and
tested models using the same 609 images, often without releasing their code. Consequently, apparently
independent studies may be based on substantially overlapping evidence. This overlap complicates cross-
study comparisons and represents one reason why a formal meta-analytic synthesis of current AI-AIS results
remains technically challenging. A similar issue is evident in the gait-based studies discussed in Section “The
shift toward radiation-free AIS assessment”, all 4 of which relied on the same Scoliosis1K dataset, further
illustrating how shared data dependencies can inflate the apparent volume of independent evidence.

Reporting of population characteristics was inconsistent. Eighteen studies (40.0%) reported the Cobb angle
range of their study population, whereas 27 (60.0%) did not, preventing readers from determining whether
model performance had been evaluated across the full clinical spectrum from mild to severe deformity. The
proportion of scoliosis cases within each dataset was also reported in only a minority of studies. Without this
information, it is difficult to determine whether a reported accuracy of 90% reflects robust performance
across balanced classes or merely the influence of an imbalanced prevalence distribution. These omissions
fall within the scope of CLAIM Item 36 and represent a fundamental reporting deficiency that limits the
interpretability of headline performance metrics.

In summary, the AI-AIS literature reflects a field that has established relatively strong conventions for model
benchmarking, DP, and architectural innovation but has not achieved comparable maturity in clinically
oriented reporting practices. External validation, prospective study design, code availability, and population-
level descriptive statistics remain among the most prominent weaknesses. Addressing these limitations will
be essential before the models reviewed here can be credibly considered for integration into routine clinical
workflows.
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Reporting items beyond CLAIM coverage in the AI-AIS literature

Although CLAIM provides a comprehensive reporting framework for Al studies in medical imaging, several
practices routinely expected in clinical research fall outside its explicit scope. These elements are not merely
optional additions; rather, they are fundamental to establishing the clinical credibility of any diagnostic tool.
Their inconsistent reporting in the AI-AIS literature therefore constitutes an important gap that warrants
separate consideration.

Statistical inference was rarely reported across the 45 included studies. Only a small minority provided
confidence intervals for their primary performance metrics, and formal hypothesis testing was similarly
uncommon. Most studies reported point estimates of accuracy, MAE, or SMAPE without any accompanying
measure of uncertainty. In a clinical context, the distinction between a mean Cobb angle error of 2.5° with a
narrow confidence interval and the same error with a wide confidence interval has direct implications for
confidence in the tool at the individual-patient level. The routine omission of measures of uncertainty makes
it difficult to distinguish models with consistently stable performance from those whose average performance
may conceal substantial case-to-case variability.

Sample size justification was absent from all 45 studies. None reported a power analysis, minimum detectable
effect size calculation, or other formal rationale for the number of images or patients included. Although the
widespread use of convenience samples and existing challenge datasets may make prospective sample size
planning difficult, the absence of formal sample size justification limits readers’ ability to assess whether
negative or null findings reflect genuine equivalence or insufficient statistical power. This issue is particularly
relevant for studies based on small private datasets, in which the distinction between a robust finding and a
chance observation may be especially uncertain.

Reporting of ethical oversight and patient consent was also inconsistent. Although several studies relied on
publicly available challenge datasets for which ethical approval had been obtained during the original data
collection, studies using private clinical datasets did not consistently report institutional review board
approval, informed consent procedures, or data de-identification protocols. Given the substantial reliance of
this field on imaging data from adolescent patients, transparent reporting of ethical safeguards is not merely
an administrative requirement but an essential component of responsible research conduct and
dissemination.

Failure-mode analysis was largely absent. Most studies reported aggregate performance metrics across the
entire test set, whereas few examined model behavior in clinically challenging subgroups, such as patients
with severe curves exceeding 60°, atypical curve patterns, or images of suboptimal quality. Without such
analyses, clinicians considering the adoption of an Al tool cannot determine whether the reported
performance applies broadly to individual patients or primarily to a narrower subset of relatively
straightforward cases. The limited number of studies that stratified performance by severity or curve type
identified meaningful reductions in accuracy at the extremes of the clinical spectrum, suggesting that
aggregate metrics may overestimate real-world reliability.

Calibration and alignment with clinical decision-making were not systematically evaluated. In AIS
management, the Cobb angle is not simply a continuous measurement but also informs discrete treatment
decisions at established clinical thresholds. A model with a favorable MAE may nevertheless systematically
overestimate mild curves or underestimate severe curves, thereby shifting patients across clinically relevant
decision boundaries. Only a small number of studies evaluated misclassification at clinically meaningful
thresholds, and none reported calibration curves or decision-analytic outcomes. This mismatch between how
models are evaluated and how their outputs are ultimately used represents one of the most clinically
consequential gaps in the current literature.
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Individually, each of these reporting deficiencies could be addressed through relatively straightforward
additions to the methods and results sections of future studies. Collectively, however, they reveal a broader
pattern in which the AI-AIS literature has prioritized technical performance metrics over the clinical and
methodological context required to interpret those metrics appropriately. This pattern is not unique to AIS
but reflects broader tendencies within the Al-in-medicine literature. These deficiencies should be recognized
as a field-level issue rather than merely a collection of study-specific limitations. From this perspective,
reporting quality is not simply a checklist-based requirement but a substantive research gap that directly
affects the conclusions that can be drawn from the existing evidence. The broader implications of this gap for
the future development of Al in AIS are discussed further in Section “DISCUSSION”.

DISCUSSION

This systematic review examined 45 studies applying AI to the diagnosis and assessment of AIS,
encompassing literature published through May 2026 in both peer-reviewed journals and leading computer
science conference proceedings. Several overarching findings emerged from this synthesis. Automated Cobb
angle measurement has achieved accuracy approaching the documented inter-observer variability of manual
measurement, with MAE values typically ranging from 1.07° to 5.31° across the included studies. Beyond
Cobb angle measurement, Al has been applied to binary scoliosis classification, curve classification, vertebral
rotation assessment, and skeletal maturity grading, although research activity remains heavily concentrated
on Cobb angle estimation. Another notable and rapidly expanding trend is the use of non-radiographic input
modalities, with 11 of the 45 studies (24.4%) employing gait videos, smartphone photographs, 3D surface
scans, or other radiation-free signals. At the same time, our methodological quality assessment identified
persistent deficiencies in external validation, code availability, population-level reporting, and statistical
inference, all of which limit the clinical interpretability and generalizability of the reported findings.

Several features distinguish this review from previous work. Zhu et al. published a systematic review and
meta-analysis in 2025 that focused exclusively on DL for Cobb angle measurement from X-rays. The review
included 50 studies, had a search cutoff of September 2023, and used Quality Assessment of Diagnostic
Accuracy Studies 2 (QUADAS-2) for risk-of-bias assessment'®. Kumar et al. conducted a systematic review
of vertebral identification and Cobb angle estimation using DL, similarly restricting their analysis to X-ray-
based Cobb angle measurement and studies published from 2017 to 2023, A scoping review by Goldman et
al. mapped the broader landscape of Al applications in AIS across 40 studies but did not incorporate a
structured framework for methodological quality assessment**. Li and Wong systematically reviewed ML
approaches for predicting AIS curve progression, a task beyond the scope of the present review!™. The
present study extends this body of evidence in several important respects. First, this review covers the full
spectrum of Al-assisted diagnostic and assessment tasks rather than focusing on a single measurement. This
clinical-task-oriented synthesis allows readers to assess the maturity of AI support across different stages of
the AIS clinical workflow. Second, it includes studies published through May 2026 and incorporates
MICCALI conference proceedings from 2020 to 2026, thereby capturing methodological innovations that are
often disseminated through computer science venues before appearing in clinical journals. Third, it
introduces a 12-dimensional quality assessment framework aligned with the CLAIM 2024 reporting
standard, allowing a more granular evaluation of reporting practices than the binary or categorical
approaches used in previous reviews. Fourth, it provides a dedicated analysis of non-radiographic modalities,
an area of the literature that has not been systematically examined in previous reviews of Al applications in
AIS.
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The clinical implications of the available evidence vary across the 5 task categories. For Cobb angle
measurement, the convergence of MAE values toward the range of manual measurement variability suggests
that automated systems have achieved a relatively mature level of accuracy and consistency for angle
quantification. However, this finding does not imply that current AI systems can independently support
comprehensive AIS assessment or clinical decision-making. AIS is a 3D deformity, and treatment decisions
also depend on curve pattern, sagittal alignment, vertebral rotation, skeletal maturity, curve flexibility, and
other clinical factors. For outcomes such as vertebral rotation, skeletal maturity assessment, and curve
classification, Al performance remains less consistent and the supporting clinical evidence is comparatively
limited. These outputs should therefore be interpreted more cautiously than automated Cobb angle
measurements. Importantly, variability in manual measurements is not solely technical in origin. Although
standardized measurement protocols exist and the definitions of key parameters such as the Cobb angle are
well established, their implementation in routine practice varies across clinicians and institutions, resulting
in meaningful variation in recorded values. Such practice-level heterogeneity is poorly represented when Al
models are trained and evaluated using averaged or consensus labels. Al systems intended for clinical use
should ultimately be robust to such real-world variation rather than simply averaging it away. These
concerns are compounded by the near-universal reliance on retrospective datasets and the reductions in
performance observed during external validation. Prospective, multicenter deployment studies are therefore
needed before widespread clinical adoption can be justified. For binary scoliosis classification, current
evidence supports the feasibility of Al-assisted detection on radiographic images, but the greater clinical need
lies in non-radiographic approaches suitable for community-level screening, where performance has not yet
reached a level sufficient for standalone use. For curve classification and Lenke typing, the successful
integration of multiple assessment steps into unified AI pipelines provides an important proof of concept for
end-to-end automation of selected components of the clinical workflow. In contrast, vertebral rotation
assessment and skeletal maturity grading remain substantially underexplored, with only 2 studies addressing
each task, leaving considerable scope for further methodological and clinical development.

Al-assisted assessment may support the clinical evaluation of AIS by improving access to screening and
follow-up, measurement efficiency, and measurement consistency. For non-radiographic assessment, Zhang
et al.”* evaluated a smartphone-based model using back photographs for curve severity classification and
progression detection. Their findings suggest that such methods may extend patient monitoring beyond
specialist clinics and help identify patients who require further evaluation. For radiographic assessment, Xie
et al. reported that automated measurement using biplanar imaging required substantially less time than
manual assessment (9.1 s vs. 185.1 5)!**\. Li et al. also reported higher interobserver agreement for an Al-based
mobile application than for manual measurements using the picture archiving and communication system,
with intraclass correlation coefficient (ICC) values of 0.997 and 0.992, respectively”. These findings suggest
that Al-assisted assessment may offer benefits in measurement efficiency, reproducibility, and clinical
workflow. However, whether improvements in technical performance and efficiency translate into better
clinical decisions and patient outcomes remains to be further investigated. For example, differences in Cobb
angle measurements may affect whether a patient falls within the range in which brace treatment is
considered (usually about 25° to 40°) or the range in which surgical evaluation may be considered (usually
40° to 45° or above). However, treatment decisions also depend on skeletal maturity, curve progression, and
other clinical factors. At present, evidence remains insufficient to determine whether Al-assisted assessment
improves timely referral, treatment decisions, or long-term outcomes. Future studies should move beyond
technical performance comparisons and examine whether measurement differences affect clinical
classification and treatment decisions, particularly in patients whose Cobb angles are close to clinically
relevant thresholds. They should also determine whether these changes lead to better patient outcomes.
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The methodological quality analysis presented in Section “Methodological quality and reporting practices”
revealed a field-level pattern in which technical benchmarking practices are well established, whereas
clinically oriented reporting remains underdeveloped. Although 93.3% of studies clearly described their data-
partitioning strategies and included comparisons with competitive models, only 26.7% evaluated their
models using external data, 13.3% released source code, and 35.6% incorporated any form of XAI. The near-
complete absence of statistical inference, sample size justification, and failure-mode analysis across the
reviewed literature means that even the highest-performing models cannot currently be evaluated with the
rigor expected of clinical diagnostic tools. Strong internal technical performance alone does not constitute
evidence of clinical readiness. Because generalizability can ultimately be established only through external
validation, studies should rigorously report internally derived validity and performance metrics even when
external testing is not yet feasible. However, we acknowledge that such metrics remain insufficiently
developed for these models. There is currently no consensus regarding which internal metrics best predict
external performance or how acceptable thresholds should be defined. Until reliable internal validity metrics
are established and their relationship with external validity is better understood, these models should be
interpreted cautiously in clinical contexts. Their reported performance should primarily be regarded as
evidence of feasibility rather than readiness for deployment. This reporting gap is not unique to AIS research
but reflects a broader challenge across the Al-in-medicine literature that the CLAIM 2024 framework was
specifically designed to address.

This review has several limitations. Restriction to English-language publications may have excluded relevant
studies published in other languages, particularly Chinese, given that China contributed 66.7% of the
included studies and may have additional domestic publications in Chinese-language journals. The inclusion
of conference papers, although a deliberate methodological decision intended to capture emerging methods,
introduced heterogeneity in reporting depth because conference papers typically provide more concise
methodological descriptions than journal articles. The quality assessment framework, although aligned with
CLAIM 2024, was applied retrospectively to studies that were not originally designed according to CLAIM
recommendations, and some reporting omissions may therefore reflect publication space constraints rather
than methodological deficiencies. In addition, the exclusion of studies focused on surgical outcome
prediction and curve progression, although necessary to maintain a coherent review scope, means that the
present review does not encompass the full spectrum of AI applications in AIS management.

Several important challenges remain. The shared-dataset problem, exemplified by the 10 studies relying on
the 609-image AASCE dataset and the 4 gait-analysis studies using the Scoliosis1K dataset, creates a situation
in which the number of published studies substantially exceeds the number of genuinely independent
evaluations. This overlap is a major reason why meta-analytic pooling of AI-AIS performance estimates is
not currently methodologically appropriate despite the growing volume of literature. The absence of
standardized evaluation protocols, including inconsistent choices of error metrics, threshold definitions, and
severity stratification schemes, further limits meaningful cross-study comparisons. Existing studies vary
substantially in clinical tasks, datasets, input modalities, outcome definitions, performance metrics, and
validation strategies, precluding reliable direct comparisons among specific methodological combinations.
The limited use of prospective designs (3 of 45 studies) and external validation (12 of 45 studies) further
indicates that the evidence supporting real-world clinical deployment remains limited.

Future research should prioritize the explicit operationalization and prospective evaluation of clinical
measurement protocols. Studies should also characterize variation in clinical practice and determine how
such variation influences AI performance. These efforts may help ensure that AT models better reflect real-
world clinical judgment rather than merely averaged data. Given the heterogeneity of the current evidence
base, another important objective is to determine which combinations of input modality, model architecture,



Page 661 Su et al. Art Int Surg. 2026;6:638-64

and methodological approach provide the most robust performance and to identify the minimum input
required to achieve clinically acceptable accuracy. Simply increasing data volume or imposing uniform data
formats cannot eliminate practice variation and may instead preserve biases embedded within existing
datasets. Accordingly, ever-larger multisite data aggregation should not be regarded as the primary solution
to the field’s current limitations. The principal value of multisite studies lies not merely in increasing sample
size but in testing model generalizability across clinically meaningful variations in real-world practice.
Prospective validation studies embedded within clinical workflows would provide critical evidence regarding
the performance of automated measurements under routine conditions, including variable image quality,
nonstandard patient positioning, and diverse patient populations. Expanding Al research into currently
underserved tasks, particularly vertebral rotation assessment and skeletal maturity grading, could address
clinically important needs that remain largely unmet. For non-radiographic modalities, multisite data
collection and cross-dataset generalization studies will be essential before these approaches can be considered
for deployment in community-based assessment programs. From a reporting perspective, broader adoption
of CLAIM 2024 or equivalent standards would facilitate more rigorous evidence synthesis and move the field
toward the level of transparency expected of clinical diagnostic tools.
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