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Abstract

Introduction: Artificial intelligence is capable of carrying out scoliosis measurements and assisting
with referral decisions by means of radiographs, photographs, surface scans, depth sensors, or
ultrasound. The value of this approach in screening will depend on whether these methods are able
to identify curves that are clinically relevant without leading to an excessive number of referrals or
providing false reassurance.

Methods: A search of PubMed from January 2000 to 17 September 2026 was carried out to find out
about the use of artificial intelligence and machine learning in the screening, diagnosis,
measurement of the Cobb angle, and prediction of progression of adolescent idiopathic scoliosis.
Thirty clinical studies and reviews were chosen for a structured narrative evaluation and were
grouped according to clinical task, imaging modality, and validation design.

Results: The method involving automated radiographic Cobb angle measurement is supported by
the most substantial body of evidence; a meta-analysis found the pooled mean absolute error to be
approximately 3 degrees. Radiation-free methods have demonstrated high sensitivity in certain
groups, but their performance depends on the quality of acquisition and the patients selected. A
school-based study involving 5,026 pupils found that an artificial intelligence-assisted structured-
light method—which included radiographic verification—had high specificity and a high negative
predictive value. Although ultrasound and progression models may be useful for monitoring,
concerns still exist regarding missed curves, incomplete calibration, and the lack of external
validation.

Conclusion: The existing evidence indicates that task-specific artificial intelligence tools should be
used under supervision. It is necessary to carry out checks on image quality, provide the option of
withholding results that are uncertain, have a clinician review them, and carry out selective
radiographic confirmation. However, the evidence does not support replacing clinical assessment or
radiographs when treatment decisions are based on the Cobb angle.

Keywords: adolescent idiopathic scoliosis, artificial intelligence, screening, Cobb angle,
surface topography
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1. Introduction

Adolescent idiopathic scoliosis (AIS) is
defined as a lateral curve of the spine of 10
degrees or more accompanied by vertebral
rotation, having ruled out any other possible
causes. The purpose of screening is to find
adolescents who may gain from either being
closely monitored or receiving treatment
while they are growing. However, the overall
benefit at the population level is still in
question since both the low prevalence of the
condition and the imperfection of the tests
can result in a large number of unnecessary
referrals and radiographs. While the US
Preventive Services Task Force has stated
that there is not enough evidence to evaluate
the balance of benefits and harms, the
Scoliosis Research Society advocates for
screening in programmes that have trained
personnel, clearly defined referral criteria,
and access to treatment [1,2]. AI should be
judged in light of these practical objectives.
The fact that accurate classification can be
achieved in a specialist clinic does not prove
that the screening programme improves the
decisions regarding referrals, reduces
radiation exposure, or leads to earlier
detection of curves that are actionable.

The use of Al in AIS involves image analysis,
diagnosis, and prediction [3]. This review
looks at the application of AI for population
screening, for estimating nonradiographic
severity, for carrying out radiographic
measurements, for predicting progression,
and for monitoring.

2. Materials and Methods

The search on PubMed combined the term
AIS with those relating to artificial
intelligence, machine learning, deep learning,
screening, diagnosis, Cobb angle, surface
topography, ultrasound, photography, and
progression; the time frame covered was
from January 2000 up to 17 September 2026
and the reference lists of recent scoping and
systematic reviews were also looked at.
Thirty reports were chosen to address the
main clinical tasks, modalities, and validation
designs. It should be noted that this is a
structured clinical review, not a systematic
review or a new meta-analysis.

The appraisal of the study took into account
the recruitment procedure, the reference
standard, the separation of the training and
test data, the sample size, external validation,
and the way in which poorquality inputs were
handled. The diagnostic results were
compared with both the prevalence in the
population and the decision threshold. With
regard to the progression models, the
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assessment also looked at when the
predictors became available, calibration, the
length of follow-up, and the effects of
treatment. Technical accuracy and actual
clinical benefit were evaluated separately.

3. Results

3.1 The clinical tasks involved in
artificial intelligence screening

3.1.1 The detection of population cases
and the process of referring them
Screening models can identify adolescents
who might need to be examined or have
radiography carried out; these models make
use of various inputs such as clinical
variables, back photographs, or three-
dimensional surface scans and then give a
recommendation for referral, a probability of
disease, or a severity category. Since a curve
might be missed and this could delay the
assessment during growth, sensitivity is
important when selecting a threshold.
Specificity is also relevant: in a population
where the prevalence is low, even a small
false-positive rate can result in a substantial
There are a number of unnecessary referrals
and clinical-variable models have also been
assessed for the detection and severity
evaluation of scoliosis [4,5].

A scoping review conducted in 2026
summarized 26 studies on Al screening
involving over 330,000 participants and
found a median area under the receiver
operating characteristic curve (AUC) of 0.94,
an average accuracy of 0.91, and an average
Cobb angle error of 3.1 degrees. Eight of the
studies were multicenter and seven were
prospective; however, none of them directly
compared an Al approach with the
established Scoliosis Research  Society
screening method, and none evaluated the
cost-effectiveness [6]. While the results
provide information on model performance,
they do not address the benefits of deploying
the method in a population setting.

A study carried out in a school assessed an
Al-assisted structured-light system among
5,026 pupils. Of the 185 pupils who tested
positive upon rescreening, 160 were found to
have scoliosis, and two additional cases were
detected in 300 pupils who had initially
tested negative and then had their results
verified. Using inverse probability weighting,
the sensitivity was found to be 0.832, the
specificity 0.995, the positive predictive value
0.865, and the negative predictive value
0.993 [7]. While the analysis took into
account the issue of partial verification,
further research is still required in schools
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comprising different populations and under
different acquisition conditions.
3.1.2 Nonradiographic severity
estimation
Spinal deformity is estimated in this way by
looking at the shape of the trunk. It allows
for repeated imaging without the use of
ionizing radiation and might therefore enable
evaluations to be carried out outside
specialist clinics. Yet the surface appearance
also depends on body build, posture, the
shape of the muscles, pelvic position, and
vertebral rotation. Because of this the link
between surface asymmetry and the Cobb
angle is not perfect. Models which have been
developed for patients with already
established deformities must be tested
separately in healthy adolescents and in
those who have postural asymmetry.
A model based on a single photograph, which
had been trained on 1,780 patients and was
then tested prospectively in 378 cases,
obtained AUC values of 0.839 for giving a
recommendation regarding followup and
0.902 for suggesting surgery. The sensitivity
relating to follow-up was 84.9%, this figure
being higher than that of the two surgeon
comparators; however, the prediction of
progression was less accurate [8]. An earlier
study using back images also found
classification performance to be above that of
specialists, although data on its
implementation in a general population were
limited [9]. A more recent network using
bare-back images reached an AUC of 0.91,
its performance lying between that of senior
and less experienced doctors [10].
Three-dimensional methods give more
surface information than a single photograph.
In a study involving five centres and using
depth sensors, the estimates correlated with
the radiographic Cobb angle at 0.91; the
mean absolute error was 4.0 degrees and
accuracy for curves of 10 degrees or more
was 94% [11]. A prospective study that used
smartphone surface topography in two
countries had 236 participants and found
100% sensitivity and 89% specificity at the
10-degree threshold, although there were
limitations due to selection and
reproducibility [12]. In another application
study, 20 of the 125 scans were excluded
because of poor quality. Of the 51 test scans,
the mean absolute error was 5.9 degrees.
Sensitivity and specificity were about 0.96 at
10 degrees, but sensitivity dropped to 0.71

at 25 degrees and to 0.67 at 40 degrees [13].

Other surface-based studies have also found
lower performance. In a study involving 900
participants, rasterstereographic prediction

yielded a mean absolute error of 6.1 degrees
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and an accuracy rate of 59% for severity
classification [14]. An ensemble model built
from 654 scans showed a test error of 6.13
degrees, even though it had good precision
and specificity in certain severity groups [15].
In a group that included individuals with
normal posture and other deformities, a
symmetry-sensitive videorasterstereographic
network obtained an accuracy of 0.744, a
sensitivity of 0.726, and a positive predictive
value of 0.417 [16]. Therefore, patient
selection and acquisition failure rates are
important factors when interpreting the
reported accuracy.

3.1.3 The automatic measurement of the
Cobb angle

Radiographic Cobb measurements are more
advanced than radiation-free screening
methods, since both the algorithm and the
reference reader examine the same
underlying radiograph. In most cases, the
systems detect vertebral landmarks or divide
up the vertebrae, choose the end vertebrae,
and then compute the curve angles. Clinical
failures that are significant include failing to
detect curves, selecting the wrong end
vertebrae, and a decrease in accuracy when
dealing with severe deformities, atypical
anatomy, or unfamiliar imaging protocols.
Earlier research had also involved the
automation of radiological analysis of spinal
deformity by wusing predicted anatomical
landmarks [17].

The systematic review involved 50 studies,
17 of which were subjected to a meta-
analysis. The pooled circular mean absolute
error was 2.99 degrees and showed
substantial heterogeneity; the pooled errors
were 2.40 degrees for segmentation-based
methods and 3.31 degrees for landmark-
based methods [18]. A study involving four
centres and comprising 484 radiographs with
1,054 consensus curves found a curve
detection rate of 94.0% and a mean absolute
error of 3.01 degrees [19]. In the seven-
hospital study, realtime image
transformation was employed to deal with
the variations between centres; the mean
error stayed below 4 degrees and the R2
value went above 0.90 when assessed on
external datasets [20].

The validation results also vary from one
system to another. In one study involving
children, 346 out of 352 curves were
detected, 91% of the measurements fell
within the study's clinical acceptance range,
and an intraclass correlation coefficient (ICC)
of 0.92 was reported [21]. A network based
on keypoint regions obtained a mean
absolute error of 2.22 degrees and an ICC of
0.98 [22]. In an external comparison, the
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mean absolute difference was 2.36 degrees
for one system and 6.51 degrees for the
other [23]. Previous segmentation research
had found errors less than 3 degrees and
correlations greater than 0.95 [24]. Local
validation is therefore necessary even if the
published results seem clinically acceptable.
A measurement system must refrain from
producing a result if the image quality or the
anatomy makes it unreliable. The coronal-
balance system of 2026 included such a
safety feature and gave errors in the range
of 0.86 to 2.45 mm for shoulder height,
pelvic obliquity, and C7 offset [25]. The
number of results that are withheld and the
review these necessitate should be taken into
account together with the accuracy of the
measurements.
3.1.4 The use of  ultrasound in
combination with other assessment
methods
Three-dimensional ultrasound is able to show
the posterior spinal anatomy without the use
of ionizing radiation, but both the acquisition
and the interpretation require training. An
automated method was evaluated on 144
Ultrasonographs were used and 125 out of
the 144 curves that had been manually
identified were detected. The method
obtained an ICC of 0.81, and 75 per cent of
the measurements were within 5 degrees of
the manual result [26]. Since it fails to detect
some of the curves, it cannot be used as a
replacement for radiographs. However, it
could be used to aid in monitoring within a
specific acquisition protocol which defines
when further imaging is needed.

Multimodal models use clinical information
together with global radiographs, regional
vertebral characteristics, or skeletal maturity.
A composite model based on 1,870 patients
reached an AUC of 0.84, with a sensitivity of
80.9% and a specificity of 83.6% for
detecting progression, a result that
outperformed the performance of its
individual modality = components [27].
Although using a number of different data
sources can improve the accuracy of the
prediction, it also means that the model's
performance depends on the availability of
the input data and on local acquisition
practices. The rules regarding missing data
and the role of each modality must be clearly
reported.
3.2 Predicting and monitoring
progression

Progression prediction involves estimating
future changes once a curve has been
identified. In order to carry out an evaluation
it is necessary to specify the prediction time,

obtain adequate follow-up, and have
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consistent documentation of the treatment.
Calibration must be carried out in order to
check whether the predicted risks correspond
to the actual outcomes. Bracing makes
interpretation more difficult since it might
affect progression and is more frequently
prescribed to patients who are considered to
be at higher risk.

In a group of 1,119 female patients, the
curve-specific models used to predict
progression beyond 25 degrees gave AUC
values of 0.94 for the proximal thoracic curve,
0.89 for the main thoracic curve, and 0.84
for thoracolumbar or lumbar curves [28]. A
different multicenter model had an external-
validation AUC of 0.896, but it included as
important predictors the changes between
visits; as a result, its use depends on having
follow-up information and it cannot be
applied at the first screening appointment
[29]. Regression models developed from data
on 201 girls had mean absolute errors of
4.22 degrees after one year, 5.24 degrees
after two years, and 5.99 degrees at the last
visit [30].

Simple prognostic models are still useful as
points of comparison. In a prospective cohort
consisting of 127 patients, a model that took
into account the Risser stage, the Cobb angle,
the patient's reported appearance, and
treatment exposure had a concordance of
0.79. Machine-learning approaches did not
clearly exceed the performance of the Cox
model [31]. Extra complexity should only be
accepted if it improves prediction or decision-
making sufficiently to compensate for the
additional data and the need for
implementation.

4. Discussion

4.1 The clinical interpretation of the
evidence

Table 1 sets out the main clinical applications,
the performance that has been reported, and
the implications for supervised use.
Image-language systems that are general in
their application need to be evaluated
separately. A prospective study involving 97
adolescents revealed a high number of false-
positive results and Cobb angle estimates
that were clinically unacceptable; in one case,
the system had a specificity of zero when it
came to distinguishing between postural
asymmetry and scoliosis [32]. The fact that
someone is fluent in talking about scoliosis
does not mean that they are capable of
assessing a clinical photograph.

4.2 Clinical implementation

4.2.1 A supervised pathway

A supervised pathway begins  with
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standardized acquisition and a check of
image quality. The model should be able to
withhold an uncertain result. Positive findings,
disagreement with clinical assessment, and
unusable images require clinician review.
Radiographs should be obtained
selectivelyThresholds should match a specific
clinical action. The threshold used to rule out
a condition should have high sensitivity, and
the negative predictive value should be
understood in the context of the expected
prevalence. When it comes to radiography,
the threshold must also take into account the
possibility of unnecessary imaging. Separate
thresholds might be required for repeat
acquisition, examination, radiography,
expedited referral, and routine follow-up.
Accuracy as a whole is not sufficient to
describe these consequences.pedited referral,
and routine follow-up. OveFailure reports
ought to specify the acquisition or analytical
problem involved, for example, obscuration
caused by clothing or hair, poor positioning,
lighting conditions, motion, an incomplete
field of view, uncertain segmentation, or
incompatibility of the device. Eliminating low-
quality images from the analysis may lead to
an overstatement of performance. In reality,
for each failed acquisition either another scan
has to be carried out or a manual review is
needed, or the patient remains unevaluated.
Studies should include information about
these outcomes and the proportion of cases
in which the system chooses not to act.ted.
Studies should reporWhen Al is used to carry
out measurements or triage, it is still up to
the clinicians to make the diagnosis and
manage the case. The review interfaces
should show the source image, the
landmarks or segmentation, the uncertainty,
the previous measurements, and any reason
why a result was withheld. Providing this
information enables the reviewer to identify
any errors that might have incorrectly
reassured a family or led to a change in
treatment.tiThe supervised method proposed
and the responses needed at each stage are
set out in Table 2.en4.3 The generality of
bias and reporting required responses at
each stage are outlined in Table 2.

4.3 Bias generalizability and reporting
Cohorts from tertiary centres tend to have a
higher number of cases of scoliosis and more
severe curves than those from school or
primary care settings. The findings from such
cohorts may not be applicable to screening,
especially with regard to positive predictive
value. When carrying out external validation,
consecutive patients or a population-based
sample should be recruited from the setting

in question and at least a random portion of
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the negative screenings should be verified.
Simply recruiting from multiple centres is not
enough if data from the same patients or the
same sites are included in both the training
and the test sets; evaluation should instead
involve separating the data at the patient
level and, where appropriate, using held-out
centres or prospective cohorts.

The reference measurement is also subject to
uncertainty. The consensus readings and the
quantified interobserver variation aid in the
interpretation of algorithm error. Studies
must keep all relevant curves and should
report the missed curves separately from the
angular error. Surface scans and reference
radiographs

They should be acquired close enough to one
another so as to avoid the disagreements
that would result from interval progression.
Furthermore, prognostic studies also require
calibration, clearly defined time horizons,
information on treatment exposure, decision
thresholds, and a description of the missing
data.

Authors must adhere to the relevant
reporting guidelines, such as CLAIM and
TRIPOD+AI [33,34]. The reports have to
include enough detail to allow the
recruitment, acquisition, reference labelling,
data separation, preprocessing, and
threshold selection to be reproduced.
Information should also be provided
regarding the model versions, the results
from subgroups, how failures were handled,
and the confidence intervals.

Table 3 sets out the minimum reporting
requirements needed for assessing these
systems.

4.4 Considerations from an ethical and
practical point of view

Photographs of minors and surface scans
could be identified, so it is necessary for
programmes to offer age-appropriate assent,
secure transfer, parental permission when
needed, restricted access, and clearly defined
retention periods. The policies must state
whether the images can be used for further
training of models. Cropping or de-
identification should be carried out as early
as possible and consumer applications should
not provide a default retention period or
allow for unrelated reuse.

The overall accuracy does not mean that the
performance can be considered comparable
among different groups. Photographic
methods can be influenced by lighting and
skin tone, as well as by body habitus,
clothing, and cultural acceptability when it
comes to acquisition. For home monitoring,
access to suitable devices is a necessary
factor. And for pre-specified subgroup
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analyses, it is necessary to have adequate
sample sizes as well as a plan to deal with
clinically important differences.
Economic assessments must take into
account the cost of equipment, the time
taken by staff, repeat imaging, licensing,
data infrastructure, confirmatory
investigations, and referrals. They should
also consider the possibility of missed or
delayed diagnoses. Relying solely on the cost
per screened child is not enough; it is better
to assess the value of a pathway in terms of
the cost per correctly identified actionable
curve and the cost per unnecessary
radiograph avoided.
4.5 Research priorities
Compare trained conventional screening with
Al-assisted screening in prospective cluster
studies carried out in schools or in primary
care.
Check a random sample of the negative
screens and take the sampling method into
consideration when estimating diagnostic
performance.
Set the referral thresholds in advance and
report the number of radiographs avoided,
the number of cases in which false
reassurance was given, the time taken to
reach specialist assessment, and the cost.
Before it is more widely deployed, assess its
performance across different devices, regions,
body types, skin tones, and acquisition
operators.
Report all decisions regarding quality control,
any outputs that were withheld, and the
clinical consequences of each failed
acquisition.
For progression models it is necessary to
provide the report calibration, treatment
exposure, prediction horizon, and external
validation together with discrimination.
Find out if having Al assistance in monitoring
will allow the radiographic frequency to be
reduced without delaying bracing or getting a
referral to a specialist.
4.6 The limitations of this review
The review has chosen representative studies
from PubMed and did not carry out duplicate
systematic screening across multiple
databases, and as a result engineering
papers, publications in languages other than
English, preprints, and commercial validation
reports may be underrepresented. The
bibliographic information for reports which
were initially indexed before publication
might change. Since there were differences
among the studies with respect to the
populations, imaging modalities, thresholds,
and outcomes, a new pooled estimate could
not be produced.

Table 4 includes selected study designs,
European Journal of Molecular Pharmacy

performance estimates, and limitations.

5. Conclusion

Al can be used to carry out radiographic
measurements and might help with scoliosis
triage provided that the acquisition s
controlled. However, the evidence supporting
its use in independent population screening is
not well established. Its adoption should be
based on local validation, the ability to
reliably deal with poor-quality inputs, and
having clinicians confirm the findings
whenever they have an impact on patient
management. Prospective comparative
studies need to determine whether these
systems detect actionable curves earlier,
decrease the number of unnecessary imaging
procedures and referrals, and continue to be
effective among the different populations for
which they were intended.
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Table 1. Summary of clinical applications

Application Reported Clinical interpretation
performance

Radiographic Typical error near 2 to Appropriate for assisted

Cobb 4 degrees in stronger measurement with clinician

measurement studies confirmation and local validation

Photographic Good discrimination in Potential triage tool; sensitive to

screening selected datasets posture, acquisition conditions, and
referral population

Application Reported performance Clinical interpretation

Three- High  sensitivity in Potentially useful for community

dimensional some prospective screening and monitoring when

surface studies with variable quality control is enforced

screening angle error

Ultrasound Good reliability but Adjunct for radiation reduction

automation missed curves remain rather than a stand-alone diagnostic
replacement

Progression Moderate to high Requires a defined prediction

prediction discrimination in horizon, calibration, treatment

several cohorts accounting, and external validation

General- Prospective Do not wuse for diagnosis or

purpose photographic testing reassurance without task-specific

multimodal showed clinically development and validation

models unacceptable failure

Summary of the applications discussed in the manuscript. Reported performance comes from
different populations and validation designs and should not be interpreted as a pooled or head-to-
head comparison.

Table2: Proposed supervised pathway for AI-assisted scoliosis screening

Stage Information to review Required response

Acquisition Standard view, acquisition Reject or repeat incomplete,
metadata, and image quality obscured, or poorly positioned
score scans

Al screening

Probability, category,
threshold, and uncertainty

Allow abstention and preserve
the original image

Clinical
review

Symptoms, examination,
trunk rotation, and
agreement with the model

Escalate discordance or
neurologic findings

Radiographic
confirmation

Curves, end vertebrae, Cobb
angle, and skeletal maturity

Clinician verifies landmarks and
missed curves

Longitudinal Change from prior study with Distinguish measurement
comparison acquisition compatibility variation from true progression
Program False negatives, false Recalibrate or suspend use when
monitoring positives, failures, subgroup predefined limits are exceeded

performance, and drift

Table3: Minimum reporting requirements

Domain

Reporting requirements

Population

Setting, recruitment dates, eligibility criteria, prevalence, curve
distribution, age, sex, skeletal maturity, and treatment status
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Acquisition Device, software, view, positioning, clothing protocol, operator
training, and quality failures
Reference Number and expertise of readers, consensus process, timing, and
standard handling of multiple curves
Dataset Patient-level  separation, center-level separation, external
structure validation, and handling of repeat images
Performance Sensitivity, specificity, predictive values, likelihood ratios, angular
error, calibration, confidence intervals, and failure rate
Clinical utility Referral vyield, radiographs avoided, time, acceptability,
delayed diagnoses, and treatment consequences
Equity and Performance by skin tone, body habitus, sex, age, curve type,
safety device, and site; monitoring for drift
Reporting domains synthesized for studies of artificial intelligence in scoliosis screening and
monitoring.
Table4: Selected studies and their limitations
Study Design Application Reported Main limitation
result
Zhu et al Systematic Radiographic Pooled error Model architecture
2025 review and Cobb 2.99 degrees and validation
[18] meta- measurement with high methods varied
analysis heterogeneity
Casabo- Multicenter Autonomous 94.0% curve Retrospective
Vallés et al diagnostic radiographic detection and tertiarycenter images
2026 [19] study measurement 3.01 degree
error
Martrenchar Prospective Smartphone 100% Selected cases and
et al 2026 multicenter surface screening sensitivity controls  with no
[12] study and 89% reproducibility
specificity at assessment
10 degrees
Parent et al Single-center Smartphone 3D 5.9 degree Twenty poor-quality
2026 [13] validation surface error with scans excluded and
topography high small test set
performance
at 10 degrees
Cao et al School Structured-light Adjusted Only a sample of
2026 crosssectional 3D screening sensitivity screen-negative
[7] study 0.832 and pupils had
specificity radiographs
0.995
Chen et al Multicenter Cross-site Mean error Retrospective dataset
2026 study radiographic under 4 and
[20] robustness degrees and transformationspecific
R squared workflow
above 0.90
Wong et al Ultrasound Automated 3D ICC 0.81 and Nineteen of 144
2025 validation ultrasound angle 75% within 5 curves were not
[26] degrees detected
Zhang et al Prospective Singlephotograph AUC 0.839 Clinic population and
2023 [8] diagnostic classification for followup lower progression
testing and 0.902 for performance
surgery
consideration
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Kokabu et Five-center Depth-sensor 4.0 degree Nonrandomized
al 2021 cohort imaging error and suspected-scoliosis
[11] 94% sample
accuracy at
10
degrees
Minotti et al Train-test Rasterstereo- 6.1 degree Limited readiness for
2024 [14] study grap hic severity error and replacement of
59% severity radiographs
accuracy
Negrini et Retrospective Clinical Accuracy Referral-center
al 2023 [4] tertiary parameter triage 74% to 84% spectrum and internal
cohort across split
thresholds
Aydin et al Prospective General-purpose Clinically Small cohort but
2025 [32] diagnostic image models unacceptable direct evidence
study estimates against unvalidated
and extreme consumer use
false
positives
Study Design Application Reported Main
result limitation
Wang et al Multimodal Progression AUC 0.84 Requires
2023 validation prediction with 80.9% radiographs
[27] sensitivity and complex
inputs
Fang et al Multicenter Interpretable External- Important
2025 [29] retrospective progression validation predictors
study model AUC 0.896 included
interval
change after
followup
Dufvenberg Prospective Progression Concordance Small cohort
et al 2024 prognostic prediction 0.79 with and
[31] cohort conventional treatment-
Cox model related
complexity
Zhou and Scoping Al screening High median Few
He 2026 review evidence performance prospective
[6] across 26 multicenter
studies comparisons
and no cost-
effectiveness
studies

Selected studies discussed in the review. Reference numbers correspond to the manuscript reference
list. AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; ICC,
intraclass correlation coefficient; 3D, three-dimensional.
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