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Abstract

IMPORTANCE Adolescent idiopathic scoliosis (AIS) is the most common pediatric spinal disorder.
Routine physical examinations by trained personnel are critical to diagnose severity and monitor
curve progression in AIS. In the presence of concerning malformation, radiographs are necessary for
diagnosis or follow-up, guiding further management, such as bracing correction for moderate
malformation and spine surgery for severe malformation. If left unattended, progressive
deterioration occurs in two-thirds of patients, leading to significant health concerns for growing
children.

OBJECTIVE To assess the ability of an open platform application (app) using a validated deep
learning model to classify AIS severity and curve type, as well as identify progression.

DESIGN, SETTING, AND PARTICIPANTS This diagnostic study was performed with data from
radiographs and smartphone photographs of the backs of adolescent patients at spine clinics. The
ScolioNets deep learning model was developed and validated in a prospective training cohort, then
incorporated and tested in the AlignProCARE open platform app in 2022. Ground truths (GTs)
included severity, curve type, and progression as manually annotated by 2 experienced spine
specialists based on the radiographic examinations of the participants’ spines. The GTs and app
results were blindly compared with another 2 spine surgeons’ assessments of unclothed back
appearance. Data were analyzed from October 2022 to February 2023.

EXPOSURE Acquisitions of unclothed back photographs using a mobile app.

MAIN OUTCOMES AND MEASURES Outcomes of interest were classification of AIS severity and
progression. Quantitative statistical analyses were performed to assess the performance of the deep
learning model in classifying the deformity as well as in distinguishing progression during 6-month
follow-up.

RESULTS The training data set consisted of 1780 patients (1295 [72.8%] female; mean [SD] age, 14.3
[3.3] years), and the prospective testing data sets consisted of 378 patients (279 [73.8%] female;
mean [SD] age, 14.3 [3.8] years) and 376 follow-ups (294 [78.2%] female; mean [SD] age, 15.6 [2.9]
years). The model recommended follow-up with an area under receiver operating characteristic
curve (AUC) of 0.839 (95% CI, 0.789-0.882) and considering surgery with an AUC of 0.902 (95% CI,
0.859-0.936), while showing good ability to distinguish among thoracic (AUC, 0.777 [95% CI,
0.745-0.808]), thoracolumbar or lumbar (AUC, 0.760 [95% CI, 0.727-0.791]), or mixed (AUC, 0.860
[95% CI, 0.834-0.887]) curve types. For follow-ups, the model distinguished participants with or
without curve progression with an AUC of 0.757 (95% CI, 0.630-0.858). Compared with both
surgeons, the model could recognize severities and curve types with a higher sensitivity (eg,
sensitivity for recommending follow-up: model, 84.88% [95% CI, 75.54%-91.70%]; senior surgeon,
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Abstract (continued)

44.19%; junior surgeon, 62.79%) and negative predictive values (NPVs; eg, NPV for recommending
follow-up: model, 89.22% [95% CI, 84.25%-93.70%]; senior surgeon, 71.76%; junior surgeon,
79.35%). For distinguishing curve progression, the sensitivity and NPV were comparable with the
senior surgeons (sensitivity, 63.33% [95% CI, 43.86%-80.87%] vs 77.42%; NPV, 68.57% [95% CI,
56.78%-78.37%] vs 72.00%). The junior surgeon reported an inability to identify curve types and
progression by observing the unclothed back alone.

CONCLUSIONS This diagnostic study of adolescent patients screened for AIS found that the deep
learning app had the potential for out-of-hospital accessible and radiation-free management of
children with scoliosis, with comparable performance as spine surgeons experienced in AIS
management.

JAMA Network Open. 2023;6(8):e2330617. doi:10.1001/jamanetworkopen.2023.30617

Introduction

Adolescent idiopathic scoliosis (AIS) manifests as a 3-dimensional spinal malformation.1 It is reported
to occur in up to 2.2% of boys and 4.8% of girls,2 with a high prevalence of progression during
puberty leading to reduced quality of life and mobility in adulthood, as well as cardiopulmonary
impairment and back pain. Thus, early detection, close follow-up, and proper interventions are
critical. Hong Kong has initiated a school screening program3 beginning in 1995 as a part of the
territory-wide annual comprehensive health assessment scheme for AIS. However, this type of
screening practice can be interrupted (such as during the COVID-19 pandemic), which underpins an
increased need for out-of-hospital, accessible assessment.4

Furthermore, current AIS detection and follow-up require extensive clinical expertise. Available
assessment tools include physical examinations and radiographs.5 Physical examinations assess
shoulder height, waist asymmetry, thoracic cavity asymmetry, and rib and breast deformity.
However, these assessments of the external appearance are subjective and can not reliably detect
the specific malformation severity and type. Thus, further radiographic examinations are necessary6;
the Cobb angle can be calculated automatically using deep learning on biplanar stereoradiography,
offering consistent results with reduced radioexposure.7-10 Moreover, repeated radiographic
examinations are required for monitoring AIS progression, which may carry unwanted consequences
of increased radioexposure.11-15

Conventional radiation-free approaches in detection include Moiré16 topography (with arguable
accuracy) and standardized photographs of the patient’s back. A study using images acquired via
professional cameras in a controlled environment with clear background17 lacked accessibility as well
as prospective validations. These limitations are largely due to the lack of paired data and a focus on
the process and method rather than evaluation as a disease monitoring tool. Automated detection
and classification of AIS using easily accessible smartphone images of patients is an option for out-of-
hospital assessment but is challenging due to several factors. First, smartphone images introduce
variability, including vibration, angle, and noisy background, making classification challenging.
Second, the back of an individual with spinal malformation has variable appearances subject to
different severity and curve types. We overcame this challenge by developing a virtual spinal
evaluation platform (eFigure 1 in Supplement 1) called AlignProCARE,18 as there was a need for out-of-
hospital spine malformation evaluation during the COVID-19 pandemic.19 By using the criterion
standard disease severity taxonomy, ie, pathologies classified on real radiographs as ground truths
(GTs) and a validated deep neural network (ScolioNets) model trained and validated internally, the
AlignProCARE application (app) accepts arbitrary scenes, and it is trained end-to-end directly from
GT labels and images for automated and mobile scoliosis classification with no extra radiation. Our
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platform has the potential to assist identification of scoliosis severity and therefore reduce the
chance of radiographic screening for patients without scoliosis or with mild scoliosis.

The primary objective of this study was to demonstrate the deep learning model’s reliability
using prospectively collected data from patients with AIS treated at another clinic. Additional clinical
utility in distinguishing malformation progressions were evaluated as well.

Methods

For this diagnostic study, the recruitment, use, analyses, and prospective testing of the radiographic
images were approved by the University of Hong Kong institutional ethics committee. All participants
provided written informed consent. This study is reported followed the Checklist for Artificial
Intelligence in Medical Imaging (CLAIM) reporting guidelines.

Data Collection
Participants were excluded if they had any prediagnosed systematic neural disorders that might
influence their mobility (eg, prior cerebrovascular accident, Parkinson disease, myopathy). Other
exclusion criteria were diagnosed with or having any signs of psychological disorders that might
influence the adherence with the study, having any oncological diseases, having severe skin disorders
or lesions on the back, having any other systematic diseases, being unable to complete the consent
process, or having body mass index (BMI; calculated as weight in kilograms divided by height in
meters squared) greater than 30. More detailed inclusion and exclusion criteria are reported in
eAppendix 1 in Supplement 1. All participants meeting the inclusion and exclusion criteria were
recruited with written consent prior to data collection (Figure 1), allowing for secondary analysis with
all data anonymized and stored securely.

All images of participants’ backs were taken voluntarily by the participant’s parent or guardian
using a smartphone. Minimal training was required to use the mobile app, as the app provided a
built-in protocol for photo acquisition (eFigure 2 in Supplement 1). The paired radiographs were
anonymously retrieved from the hospital system in PNG format, which were taken as a routine
practice without extra experimental radiographs. Using the criterion standard severity
classification,20,21 the ground truth (GT) labels of all data (cohort 1 for model development and cohort
2 for prospective testing) were provided by 2 spine specialists with more than 20 years’ experience
in AIS management (A.D. and J.P.Y.C.) by manual annotation of the coronal radiographs.

The severity of AIS was defined by degrees, measured by the Cobb angle on coronal radiographs
following the clinical criterion standard, which is the primary consideration for treatment planning.21

AIS severity is differentiated into 3 classes: no or mild AIS, defined as Cobb angle 20° or less;
moderate AIS, Cobb angle 20° to 40°; and severe AIS, Cobb angle greater than 40°20 (eFigure 3 and
eAppendix 2 in Supplement 1). The treatment planning recommendations were drawn based on the
severity classifications. Curve types were subsequently decided from the GT labels by the location of
the apical vertebra. Participants with a single curve (eFigure 3 in Supplement 1) were classified as
having thoracic (T) curve or the thoracolumbar or lumbar (TL/L) curve.22 Patients with more than 1
curve were classified as mixed curve (eFigure 3 in Supplement 1). For follow-up assessments, the

Figure 1. Participant Recruitment Flowchart

1924 Patients attending scoliosis clinic

1780 Patients with AIS

144 Patients excluded
125 Adult deformity
18 Early onset scoliosis
1 Withdraw
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Cobb angle increment was checked during the follow-up examination to determine whether the
curve was progressive or nonprogressive. A progressive curve is commonly defined as a curve
magnitude increment increase of more than 5°, measured by the Cobb angle in 6-month follow-up
intervals.23 Progressive curves require close monitoring and frequent follow-up visits. Especially
during a growth spurt, curve progression is rapid and interventions need to be promptly
introduced.24

To assess the ability of spine surgeons in distinguishing AIS clinical needs based on visual
assessments without radiographic examinations, the severities and curve types of the prospective
cohort 2 were blindly assessed by 2 additional spine surgeons using visual assessment of
photographs of the participants’ backs. For participants with follow-ups, the back images from 2
visits were compared by the specialists to decide whether the curve was progressive. The senior
surgeon has more than 20 years’ clinical experience with scoliosis, whereas the junior surgeon has
less than 5 years’ clinical experience. The severity classification, curve types, and progressions were
recorded independently for the blinded assessors, and their performances were compared with the
GT labels obtained from radiographic examinations.

Data Preprocessing and Model Development
The participants included in cohort 1 were recruited between October 2018 to September 2020 and
used to develop the deep learning model for classifying scoliosis severity and curve types (eAppendix
3 in Supplement 1). Cohort 2 was recruited to prospectively test the performance of the model with
6 months of follow-up. We first used video matting method25-27 to achieve back segmentations on
the images taken by smartphones, and then empirically cropped the segmented images to keep only
the back with arms in the image to achieve improved classification performance.

Multilayer convolutional neural networks with attention mechanisms28,29 and multi-task
strategies were developed and compared (eAppendix 4, eAppendix 5, eFigure 4, and eTable 1 in
Supplement 1). In cohort 1, 1429 images were used for model training, and during training, we resized
each image to 3 × 224 × 224 pixels to make it compatible with the original dimensions of the network
architecture. We trained triple classification models directly for the severity classifications and binary
classification models for the curve type classification (eFigure 5 in Supplement 1). Mixed curve type
was classified if both curve types were present on 1 image. Receiver operating characteristic (ROC)
curves were generated with each class as a positive class to calculate the areas under the ROC curves
(AUCs) (eAppendix 6 in Supplement 1).

Model Prospective Testing and Explicability
The prospective testing data set of 378 images (cohort 2) was not used during the model
development or the in-house validation. No data augmentation or resampling was done to ensure a
true validity of the prospective experiments in the testing phase.

To improve the interpretability of the model and mine the decision logic of the model, the class
activation mapping (CAM) method30 was proposed, and some interpretable algorithms based on
CAM31,32 were proposed afterwards. For the explicability of the model, we use the Score-CAM33

algorithm to explain the decision of the model. The difference between the probability of the masked
image and that of the original image in the predicted label is used as the weight of the corresponding
feature map. We normalized and up-sampled all the feature maps, and then linearly superimposed
the feature maps according to their weights to get an interpretable heatmap.

Statistical Analysis
To evaluate the performance of the model, true positive (TP), true negative (TN), false positive (FP),
and false negative (FN) values were calculated.26,27 Evaluation metrics included sensitivity
(calculated as TP / [TP + FN]), specificity (calculated as TN / [TN + FP]), positive predictive value
(PPV; calculated as TP / [TP + FP]), negative predictive value (NPV; calculated as TN / [TN + FN]),
and accuracy (calculated as [TP + TN] / [TP + TN + FP + FN]).
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The ROC curve was plotted based on the final sensitivity scores and 1 – specificity scores with
different thresholds, and the AUC was computed from the ROC curve as:

AUC = ∫
1

x = 0
TPR(FPR–1(x)) dx = P (X1 > X0)

where X1 is a positive instance and X0 is a negative instance; TPR represents true positive rate and is
equal to sensitivity; FPR represents false positive rate and equals 1 – specificity. The ROC curve
visualizes TPR vs FPR in a graphic, and the metric AUC denotes the AUC with a range between 0.5
and 1. The closer the AUC is to 1.0, the higher the authenticity of the detection method; equal to 0.5,
the lowest authenticity and has no application value.

To evaluate the agreement between groups of paired samples with unknown distribution, the
Wilcoxon signed-rank test (2-sided hypothesis) was performed. We used the stats.wilcoxon function
in SciPy software version 1.7.1 (SciPy) to assess the interrater agreement between the 2 spine
surgeons and the model on using back appearance classifying the scoliosis severity and curve type.
The same practice was performed to compare the agreements between different deep learning
models (eTable 2 in Supplement 1). P < .0001 was considered statistically significant. We also used
Python version 3.8 (Python Software Foundation), and NumPy version 1.22.4 (NumPy). Data were
analyzed from October 2022 to February 2023.

Results

A Summary of Data Set
Between October 2018 and September 2020, 1780 participants (mean [SD] age, 14.3 [3.3] years;
range 10-18 years; 1295 [72.8%] female; mean [SD] height 161.2 [9.1] cm; mean [SD] body weight,
48.4 [10.8] kg) of 1924 participants attending a tertiary referral center were recruited and eligible to
populate cohort 1 (Table 1) for the development of the model. For the prospective testing cohort
(cohort 2), 378 patients (mean [SD] age, 14.3 [3.8] years; range 10-18 years; 279 [73.8%] female;
mean [SD] height, 159.1 [9.6] cm, mean [SD] body weight, 46.5 [9.8] kg) (Table 1) were recruited from
participants consecutively attending AIS clinics from October 2020 to March 2022 and were
assessed by the model. Among 2158 participants in both cohorts, 652 participants (30.2%; mean
[SD] Cobb angle: 3.9° [1.2°]) required no intervention, 1250 participants (57.9%; mean [SD] Cobb

Table 1. Data Characteristics of the Training and Prospective Testing Cohorts

Type or feature

Training cohort, No. Validation cohort, No. Follow-up visits, No.

Clinical implicationsPatients Radiographs Patients Radiographs Patients Radiographs
Curve severity

No or mild
(Cobb angle <20°)

555 1104 97 191 102 217 No intervention required. For the skeletally
immature, regular follow-up is required every 4-6
mo to identify curve progression early, for which
bracing may be recommended.

Moderate
(Cobb angle 20°-40°)

1055 2109 195 390 237 526 Bracing required to prevent curve progression if
still skeletally immature. No intervention is
required at the end of growth. Scoliosis-specific
exercises may also be prescribed.

Severe
(Cobb angle >40°)

170 337 86 172 37 106 Risk of adulthood progression. Surgical
intervention may be required in the form of
vertebral body tethering (skeletally immature only)
or curve correction and spinal fusion.

Curve type

T (single curve) 118 374 38 76 30 59 More likely to develop chest wall deformities and
unleveled shoulders

TL/L (single curve) 385 767 65 129 94 226 More likely to develop pelvic obliquity and waistline
deformities

Mixed curve
(>1 curves)

1153 2303 262 524 248 559 Often more balanced. Unequal sizes may lead to
more deformities for T major curves or TL/L curves

Abbreviations: T, thoracic; TL/L thoracolumbar and lumbar.
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angle: 16.1° [6.3°]) required nonsurgical interventions with regular follow-ups, and 256 participants
(11.9%; mean [SD] Cobb angle: 48.7° [22.6°]) were under consideration for surgery. Additionally,
participants completed a total of 376 follow-up visits (mean [SD] age, 15.6 [2.9] years; 294 [78.2%]
female; mean [SD] height, 161.5 [8.9] cm; mean [SD] body weight, 47.3 [8.7] kg) during the study
period. No patient had more than 1 follow-up visit.

All 2158 participants had radiographic and routine clinical assessment data with an extra
photograph taken of their back (eFigure 3 in Supplement 1). From the original radiographic images in
Digital Imaging and Communications in Medicine format, 4303 radiographic images in portable
network graphics format were exported from the picture archiving and communication system of the
hospital (eFigure 6 in Supplement 1), including 1295 images (30.1%) for participants who had no
intervention, 2499 images (58.1%) for participants who had nonsurgical interventions, and 509
images (11.8%) for participants under surgical consideration. Among participants in cohort 1 classified
by spine surgeons via radiographic images, 555 participants (31.2%) were classified as having no or
mild AIS, 1055 participants (59.3%) were classified as having moderate AIS, and 170 participants
(9.6%) were classified as having severe AIS. For cohort 2, 97 participants (25.7%) were classified as
having no or mild AIS, 195 participants (51.6%) were classified as having moderate AIS, and 86
participants (22.7%) were classified as having severe AIS (eFigure 7 in Supplement 1).

Despite 54 eligible participants with no AIS and no curves in cohort 1, the remaining 1726
participants included 188 participants (10.9%) with T curves, 385 participants (22.3%) with TL/T
curves, and 1153 participants (66.8%) with mixed curves. For cohort 2, excluding the 13 participants
with no AIS and no curves, the remaining 365 participants included 38 participants (10.4%) with T
curves, 65 participants (17.8%) with TL/T curves, and 262 participants (71.8%) with mixed curves.
Different curve types demonstrated different appearance features discerned by spine surgeons, with
the T curve consisting of rib humps, chest wall malformations, and unleveled shoulders, whereas the
TL/L curves developed unbalanced pelvic and waistline malformations (Table 1; eFigure 3 in
Supplement 1). The physical appearance features were not used in the model training, and the curve
type GTs of all participants were obtained via radiographic assessment.

Prediction Accuracy During Prospective Testing
In prospective testing, the model predicted no or mild AIS (ie, no interventions) with an AUC of 0.839
(95% CI, 0.789-0.882) and severe AIS (ie, considering surgery) with an AUC of 0.902 (95% CI,
0.859-0.936) (Figure 2A and Table 2; eTable 3 and eTable 4 in the Supplement). Confusion matrices
were generated to visualize the agreement between actual and predicted results (Figure 2B). We
found that the model correctly recognized AIS severities as well or better than the surgeons’
estimates (sensitivity for recommending follow-up: model, 84.88% [95% CI, 75.54%-91.70%];
senior surgeon, 44.19%; junior surgeon, 62.79%; sensitivity for recommending considering surgery:
model, 82.56% [95% CI, 72.87%-89.90%]; senior surgeon, 20.93%; junior surgeon, 19.76%; NPV
for recommending follow-up: model, 89.22% [95% CI, 84.25%-93.70%]; senior surgeon, 71.76%;
junior surgeon, 79.35%; NPV for recommending considering surgery: model, 90.00% [95% CI,
84.95%-93.48%]; senior surgeon, 70.43%; junior surgeon, 70.51%) (Table 2; eTable 3 in
Supplement 1).

The model achieved a curve type prediction AUC of 0.777 (95% CI, 0.745-0.808) for T, 0.760
(95% CI, 0.727-0.791) for TL/L, and 0.860 (95% CI, 0.834-0.887) for mixed in the prospective
testing data set (eTable 4 in Supplement 1). The model performed with a comparable predictive
accuracy with the senior surgeon (T: 72.51% [95% CI, 69.04%-75.78%] vs 71.08%; TL/L: 72.93%
[95% CI, 69.48%-76.19%] vs 69.09%; mixed: 74.07% [95% CI, 70.66%-77.28%] vs 66.95%) and an
increased accuracy compared with the junior surgeon (T: 65.24%; TL/L: 65.10%; mixed: 30.34%).
An increased sensitivity was also found in detecting the curve types by the model compared with the
senior surgeon (T: 82.31% [95% CI, 78.51%-85.70%] vs 76.64%; TL/L: 81.18% [95% CI, 77.29%-
84.66%] vs 75.49%; mixed: 87.32% [95% CI, 82.10%-91.48%] vs 41.31%), as well as an increased
NPV (T: 61.97% [95% CI, 56.45%-67.20%] vs 58.04%; TL/L: 62.11% [95% CI, 56.85%-67.11%] vs
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55.56%; mixed: 92.52% [95% CI, 89.64%-94.65%] vs 75.35%). The junior surgeon’s sensitivity was
100% with 0% specificity and incomputable NPV due to all types being selected during manual
assessment.

For distinguishing curve progressions in patients who had follow-ups using the app, the model
had a predictive accuracy of 70.49% (95% CI, 57.43%-81.48%) and an AUC of 0.757 (95% CI, 0.630-
0.858). The sensitivity was 63.33% (95% CI, 43.86%-80.87%), and the NPV was 68.57% (95% CI,
56.78%-78.37%). The experienced spine surgeon assessing progression and blinded to the

Figure 2. ROC Curve and Confusion Matrix for Prospective Test
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Table 2. Performance Evaluation Metrics of ScolioNets and Surgeons on the Prospective Data Set in Distinguishing Curves Requiring No Interventions or Follow-Up
Using Single Back Photographs

Method

%

AUCSensitivity NPV Specificity PPV (%) Accuracy (%)
ScolioNets, % (95% CI) 84.88 (75.54-91.70) 89.22 (84.25-93.70) 67.44 (59.89-74.38) 56.59 (50.81-62.20) 73.26 (67.41-78.56) 0.839 (0.789-0.882)

Senior surgeon 44.19 71.76 70.93 43.18 62.02 NA

Junior surgeon 62.79 79.35 71.51 52.43 68.60 NA

Abbreviations: AUC, area under the receiver operating characteristic curve; NA, not applicable; NPV, negative predictive value; PPV, positive predictive value.
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radiographic examinations could distinguish the progression curves with an accuracy of 70.00%,
sensitivity of 77.42%, and NPV of 72.00%. The junior surgeon stated they were incapable of
distinguishing patients who had progressive deformity (Table 3).

Model Interpretability
Score-CAM is a technique that helps visualize the focusing region of the proposed model. The
interpretable heatmap reflects the areas in the image that are used to support classification
decisions. With increased AIS severity, the attention pattern tended to have increased distortions
(eFigure 8 in Supplement 1). For curve typing, we found that T curves had attention in the T region
whereas L curves had attention in the L region (eFigure 8 in Supplement 1). Mixed curves had
attention in both T and L regions (eFigure 8 in Supplement 1).

Discussion

In this diagnostic study, considering the growing role of digital health and out-of-hospital
management and monitoring for AIS, we developed the AlignProCARE open platform app,18

powered by the ScolioNets deep learning model, to automatically classify AIS severities and curve
types without the need for specific backgrounds or medical equipment. Compared with existing
products34,35 for AIS monitoring, our platform has more diverse and comprehensive features, with
wide system support that is more user-centric. Considering the decisions made by spine specialists
using radiographs as GT, the prospective results achieved by the model had comparable or superior
sensitivity and NPV with spine surgeons visually assessing the unclothed back photos of individuals
with AIS. When attempting to differentiate patients requiring no interventions, both senior and junior
surgeons encountered difficulties in making a decision solely based on unclothed backs, and the
model demonstrated superior performance compared with both surgeons. For the performance of
curve type identification, the junior surgeon was not able to identify the curve type only based on the
unclothed back photos; therefore, all the curve types were recommended to be checked with
physical examination.

In distinguishing disease progression based on 2 unclothed back photos, the model
outperformed specialists. In assessing the model’s performance, sensitivity and NPV are particularly
clinically relevant because it is important to promptly detect any disease progression to trigger early
interventions but also avoid unnecessary interventions. In training the model, we considered the
spine specialists’ classifications of the scoliosis as the main task and set a smaller weight for the type
of scoliosis; thus, the severity classification outcomes were superior. In practice, the proposed
platform could provide automated identification of disease severity for patients with scoliosis.
Furthermore, for individuals with no or mild scoliosis (Cobb angle <20°), the model may potentially

Table 3. Performance Evaluation of ScolioNets on the Prospective Data Set in Predicting Disease Progression Using Back Photographs

Method

%

AUCSensitivity NPV Specificity PPV Accuracy
ScolioNets

Progression 63.33 (43.86-80.87) 68.57 (56.78-78.37) 77.42 (58.90-90.41) 73.08 (57.25-84.62) 70.49 (57.43-81.48) 0.757 (0.630-0.858)

Nonprogression 77.42 (58.90-90.41) 73.08 (57.25-84.62) 63.33 (43.86-80.87) 68.57 (56.78-78.37) 70.49 (57.43-81.48) 0.757 (0.630-0.858)

Senior surgeon

Progression 77.42 72.00 62.07 68.57 70.00 NA

Nonprogression 62.07 68.57 77.42 72.00 70.00 NA

Junior surgeona

Progression NA NA NA NA NA NA

Nonprogression NA NA NA NA NA NA

Abbreviations: AUC, area under the receiver operating characteristic curve; NA, not
available; NPV, negative predictive value; PPV, positive predictive value.

a The junior surgeon stated was not able to distinguish whether the curve was
progressing based on photographs of individuals’ backs.
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decrease the requirement for radiographic screening, leading to improved health outcomes for
patients. However, for patients detected as having moderate or severe AIS, radiographic
examinations are still required for more precise evaluation.

Surgical procedures to treat AIS are among the most costly interventions for children in
hospitals,36,37 and progressive deterioration during puberty occurs in two-thirds of patients.38 Thus,
close monitoring is important. Previous photography-based attempts39 to assess AIS based on back
appearance features were found to be unreliable for various features that characterize scoliosis, since
the traditional algorithms struggle to extract distinguishable features from back images. Deep
learning is recognized as a promising approach due to its powerful ability to extract distinguishable
features automatically. As radiographic and back photographic appearance had visual feature
associations in both severity and curve type assessment, a 2019 study17 explored deep learning to
facilitate image-based examinations for back malformations using retrospectively collected
standardized images captured in a controlled environment, with no prospective validations. In our
study, we first improved the severity classification with clinically meaningful information
recommending follow-up or considering surgery, and we achieved improved performance by
introducing attention blocks in the model. We further explored the single back image–based deep
learning classification of curve types and disease progressions, which are challenging tasks for spine
specialists without radiographs. Lastly, we deployed the prospectively validated model to an open
platform for other clinicians and researchers to use to assist in monitoring of patients with scoliosis,
identifying disease progression, and facilitating efficient patient call-back. It has the potential to
provide remote scoliosis assessment for individuals at risk of curve progression and individuals living
in places where an experienced spine surgeon is not readily accessible, eg, low-resource countries
and regions.

Limitations
This study has some limitations. The training data set was collected using the 3 most common types
of smartphone devices in the local region; further assessment is needed to determine whether
performance will change with the use of other image acquisition devices. It is worth noting that
further image preprocessing was conducted to standardize the input images for the model within the
platform. Considering the features of participants with obesity may not be distinguishable enough
for our model, no patients with BMI greater than 30 were recruited in this study. Furthermore, to test
the robustness of the model, we used the collected raw prospective data. Unlike a previous study,17

we did not resample the prospective cohort to match the data distribution of the training data set.
Thus, this prospective validation trial demonstrates the adequacy of the model for the classification
task of scoliosis. However, the prospective study was still performed in our regional health care
system. A multicenter trial with international collaborators to further evaluate the robustness of the
model is needed.

Conclusions

The findings of this diagnostic study suggest that the AlignProCARE app powered by the ScolioNets
deep learning model could provide accessible mobile assessments of AIS, especially for patients with
barriers to access care from experienced spine specialists. With no extra radiation and minimal cost,
this model could provide continuous monitoring with prompt interventions triggered when
progression is detected. Our open platform has the benefits of lower risk and low-cost, easy access.
This could contribute to further treatment planning and monitoring for the patient by providing
computer-aided real-time assessments to aid physicians’ management decision-making. In the
future, the open platform could continuously benefit spine specialists and patients internationally by
providing a fully automated, fast, unbiased, and comprehensive analysis of spine malalignments.
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