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A motion vector sensor-enabled 3D spinal
morphology monitoring suit for intelligent
scoliosis identification

Liangxu Xu1,2,3,11, Guilin Chen4,5,11, Hongjun Liu 6,11, Xuan Zhao1,2,3,11, Chao Yao6,
Haonan Si1,2,3, Mao Lin7, YuWang8, BingwuWang9, Xiangjie Yin 4,5, Jing Yuan10,
Guixing Qiu4,5, Zhihong Wu4,5, Terry Jianguo Zhang4,5 , Qingliang Liao1,2,3 ,
Yue Zhang 1,2,3 & Nan Wu 4,5

Early identification of scoliosis is important for timely clinical intervention.
However, conventional static screening methods rely on subjective assess-
ments, resulting in limited accuracy and insufficient continuity. Here, we
propose a motion vector sensor-enabled 3D spinal morphology monitoring
suit for intelligent scoliosis identification. We engineer a highly anisotropic
mesh with orderly aligned conductive fibers, enabling the motion sensors to
precisely perceivemotion amplitude and direction. The suit integratesmotion
sensors positioned at symmetrical body locations to quantify 3D spinal
motions bz capturing skin-surface deformation amplitude and direction. We
achieve dynamic scoliosis identification through machine learning-powered
evaluation of spinal kinematic symmetry. We test performance on a multi-
center cohort comprising four hospitals and one school-based screening
program, demonstrating 92.63%, 71.05%, and 82.76% accuracy for scoliosis
detection, curvature degree quantification, and curvature location identifica-
tion, respectively. This radiation-free alternative has the potential to support
longitudinal follow-up and reduce repeat radiographs in scoliosis
management.

Scoliosis is clinically defined as a lateral curvature exceeding 10°
according to the Cobb angle measurement and is often accompanied
by 3D spinal deformity associated with misalignment in the coronal,
sagittal, and axial planes1. Scoliosis worsens over time, leading to sig-
nificant changes in body morphology, such as asymmetrical shoulder
height, deviation of the spine from the midline, and the development
of a rib hump deformity2,3. Furthermore, excessive spinal curvature
may lead to a variety of complications, such as neck pain, shoulder
discomfort, lower back pain, paralysis, and cardiorespiratory dys-
function, potentially increasing the risk of mortality4–6. To date, sur-
gery remains the only effective intervention for correcting severe
curvatures, despite its association with substantial trauma and
reduced spinal mobility. In the early stages of scoliosis, spinal

curvature is typically mild, and external deformities remain incon-
spicuous, hindering the timely detection of disease onset7,8. Given that
early-stage scoliosis often goes undetected, systematic screeningplays
a crucial role in facilitating early identification of the disease. Early
identification and timely intervention constitute essential components
of effective disease management9.

Traditional approaches for early scoliosis identification include
the forward bend test (FBT), Scoliometer, andMoiré topography, with
disease confirmation achieved through X-ray examination in sus-
pected patients10–14. The reported accuracy of conventional screening
depends strongly on the combination of tests used: in themost recent
systematic review, the FBT alone achieved a sensitivity of 84.4%, the
FBT combinedwith scoliometermeasurement achieved a sensitivity of
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71.1% and a specificity of 97.1%, and the combination of FBT, scoli-
ometer and Moire topography achieved a sensitivity of 93.8% with
regular screening, with a 95% confidence interval (CI) of 93.3–94.3%,
and a specificity of 99.2%15. All of these protocols are static, single-
timepoint assessments that depend on the examiner’s subjective
judgment, and the more accurate combinations require equipment
and training that are not available in most school-based screening
programs. This inherent limitation may compromise the feasibility of
timely follow-up assessments during scoliosis treatment and correc-
tion—particularly in adolescents experiencing rapid skeletal growth.
Throughout this work, screening refers to the identification, within a
population that has not undergone radiographic assessment, of indi-
viduals who should be referred for radiography, whereas diagnosis
refers to the radiographic confirmation of a Cobb angle of 10° or
greater, which remains the clinical reference standard. The system
described here is designed to operate at the screening and follow-up
stage, with the aimof reducing the number of confirmatory and repeat
radiographs rather than replacing them.

Patients with scoliosis exhibit a diminished range of spinal
movement and a significant increase in postural asymmetry when
performing symmetrical movements along the sagittal, coronal, and
transverse planes16–18. The kinematic symmetry evaluation of the spine
serves as a promising approach to enable the early detection and
continuous monitoring of scoliosis. Compared with conventional
optical motion capture systems and inertial measurement units19–22,
body-worn flexible motion sensors enable direct, contact-based elec-
tromechanical transduction, thereby perceiving human movement
with high fidelity, free from spatial limitations and electromagnetic
interference23–27. These characteristicsmake themhighlypromising for
use in the kinematic symmetry assessment of the spine. Moreover, the
motion sensors can dynamically perceive spinal movements over a
long time period, yielding spinal health assessments that are more
continuous and comprehensive compared to traditional single-time
static measurements28–31. However, most existing motion sensors face
a significant challenge: they are only capable of detecting uniaxial
tensile amplitude but fail to recognize tensile direction32–35. This lim-
itation arises from the isotropic sensitive layers, which tend to respond
indiscriminately to stretching in any direction36–39. The spine, endowed
with numerous articulations and degrees of freedom, exhibits com-
plex motion modes with various amplitudes, directions, and postures.
These sensors are incapable of perceiving 3D spinal movements with
multiple degrees of freedom, thereby significantly obstructing the
precise and comprehensive kinematic symmetry evaluation of
the spine.

Here, we propose a motion vector sensor-enabled 3D spinal
morphology monitoring suit for intelligent identification and quanti-
tative assessment of scoliosis. The motion vector sensors are fabri-
cated by orthogonally stacking two anisotropic conductive meshes,
which achieves fine quantification of motion amplitude and direction
with the assistance of the heterogeneous strain distribution. The sen-
sors achieve a minimum directional resolution of 2° and a linear
working range up to 100% strain. Furthermore, a 3D spinal morphol-
ogy monitoring suit with embedded motion sensors at symmetrical
body locations is integrated to enable real-time tracking of 3D spinal
motions by precisely detecting the amplitude and direction of skin
deformation. Dynamic scoliosis identification is achieved by assessing
the symmetry of human postures during symmetrical 3D spinal
motionswith the assistanceof artificial intelligence. The accuracy rates
for scoliosis detection, curvature degree quantification, and curvature
location identification are 92.63%, 71.05%, and 82.76%, respectively.
This work presents a feasible alternative for radiation-free scoliosis
screening, with the potential to support longitudinal follow-up and to
reduce the number of repeat radiographs required during the man-
agement of the condition.

Results
Design concept and methodology of the motion vector sensor-
enabled 3D spinal morphology monitoring suit
Located centrally along the human body’s longitudinal axis, the spine
serves as the most essential structure for providing support and
maintaining balance in the human body. Under the traction of
numerous muscles, movement between multiple vertebrae coopera-
tively enables the spine to complete complex 3D motions, such as
flexion, extension, lateral flexion, and rotation. Simultaneously, the 3D
motions of the spine induce alterations in human posture and body
surface morphology. Spinal motion X-rays demonstrate that in a
healthy individual, the sequential performance of three sets of sym-
metrical spinal motions—flexion and extension, left and right lateral
flexion, and left and right rotation—results in correspondingly sym-
metrical postural changes (Fig. 1a and Supplementary Movie S1).
Consequently, under symmetric spinal motions, the amplitude and
direction of skin deformation at symmetrical positions will be
approximately consistent due to postural changes. However, in
patients with scoliosis, body symmetry is significantly reduced as a
result of the distorted spinal morphology (Fig. 1b and Supplementary
Movie S2). Thus, postural symmetry during each set of spinal motions
is also diminished, leading to substantial differences in both the
direction and amplitude of skin deformation at symmetrical positions.
Furthermore, the alterations in body surface morphology at symme-
trical positions vary among patients with thoracic or lumbar curvature
during symmetrical spinalmotions (Supplementary Fig. S1). Therefore,
it should be feasible to screen for scoliosis and to assess curve severity
by assessing the symmetry of human postures during symmetrical
spinal motions.

Toward this goal, a 3D spinal morphology monitoring suit with
embedded motion sensors is proposed for radiation-free screening
and longitudinal assessment of scoliosis. As illustrated in Fig. 1c, two
types of motion sensors, including the uniaxial motion sensor and
motion vector sensor, are placed at symmetrical body positions and
function collaboratively to track the 3D motions of the spine by
detecting alterations in body surface morphology. When the wearer
performs three sets of symmetrical motions in sequence, the mon-
itoring signals that reflect changes in body surfacemorphology can be
recorded and transmitted to the intelligent terminal by the custom-
made flexible printed circuit board (FPCB). The symmetry of postural
motion can be effectively assessed based on the consistency of skin
deformation data, which can be utilized to identify scoliosis and
quantify its severity.

The motion vector sensor comprises a top encapsulation layer, a
top strip-shaped sensing layer, an insulating layer, a bottom strip-
shaped sensing layer, and a bottom encapsulation layer, with the top
and bottom sensing layers orthogonally aligned (Fig. 1d). Within this
architecture, the anisotropic elastomer mesh based on unidirectional
alignment fibers serves as the sensitive layer, enabling the device to
perceive motion amplitude and direction simultaneously. The uniaxial
motion sensor consists of sandwiching two encapsulation layerswith a
strain-sensitive layer, which can linearly respond to tensile strains in a
specific direction (Supplementary Fig. S2). The anisotropic poly-
urethane (PU) mesh is fabricated via a precisely controlled electro-
spinning process, with fiber alignment modulated through joint
adjustment by both stress and voltage fields (Fig. 1e and Supplemen-
tary Fig. S3a, b). Subsequent ultrasonic-assisted dip-coating with car-
bon nanotubes (CNTs) yields the anisotropic CNTs@PU mesh
(Supplementary Fig. S3c, d). This composite mesh retains robust
electrical conductivity even under large uniaxial tensile strain (Sup-
plementary Fig. S3e). The CNTs@PU fibers are continuous and mor-
phologically uniform,with preferential orientation aligned closelywith
the 90° axis (Fig. 1f and Supplementary Fig. S4). Furthermore, CNTs
conformally coated on the PU fiber surfaces overlap extensively,
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Fig. 1 | Design concept and methodology of the motion vector sensor-enabled
3D spinal morphology monitoring suit. a, b X-ray images of a healthy person (a)
and a patient with scoliosis (b) when performing three sets of symmetricalmotions
of the spine, includingflexion, extension, left lateralflexion, right lateralflexion, left
rotation, and right rotation. c Schematic diagram of the motion vector sensor-
enabled 3D spinal morphology monitoring suit for intelligent scoliosis screening.
d Schematic structure diagram of the motion vector sensor. εx and εy are the
component vectors along the X-axis and Y-axis, respectively, and ε is the resultant
vector. e Scanning electron microscopy (SEM) image of polyurethane (PU) mesh
based on unidirectionally aligned fibers. Three times experiment was repeated
independently with similar results. Scale bar: 20μm. f SEM image of the PU mesh

with carbon nanotubes (CNTs@PUmesh) based on unidirectionally aligned fibers.
Three times experiment was repeated independently with similar results. Scale bar:
20μm. g Stress–strain curves of the CNTs@PU mesh along different tensile
directions. θ is defined as the angle between the baseline and the tensile direction.
h Resistance changes of the CNTs@PU mesh versus applied tensile strains along
different directions. i Photographic image of the motion vector sensors. Scale bar:
2 cm. jOptical image of the motion vector sensors when rolled up. Scale bar: 4 cm.
k Photographic image of the custom-made flexible printed circuit board (FPCB),
which can be used for portable acquisition and wireless transmission of multi-
channel signals. Scale bar: 2 cm. l Photographic image of themotion vector sensor-
enabled 3D spinal morphology monitoring suit.
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establishing a percolating, 3D conductive network (Supplemen-
tary Fig. S5).

Figure 1g, h presents the stress-strain curves and corresponding
resistance changes of the unidirectional alignment CNTs@PU fibers
under uniaxial stretching along various directions. Supplementary
Fig. S6 illustrates the morphological evolution of the same material
during deformation. Collectively, these results demonstrate that the
electromechanical behavior of the CNTs@PU mesh is markedly ani-
sotropic. A high tensile modulus of 8.77MPa is measured when the
CNTs@PUmesh is stretchedparallel to thefiber orientation (θ = 0°), as
intrinsic elastic deformation dominates during stretching. Conse-
quently, nanoscale crack nucleation occurs without significant pro-
pagation, yielding a gradual resistance increase to 3.23 kΩ. In contrast,
a minor tensile modulus of 0.35MPa is observed when the mesh is
stretched perpendicular to the fiber direction (θ = 90°), where defor-
mation arises predominantly from inter-fiber sliding, buckling, and
macroscopic structural reorganization. This leads to extensivemicron-
scale crack migration across the network, resulting in a rapid increase
in its resistance to 32.36 kΩ. Varying the tensile direction enables
effective modulation of the relative contributions of intrinsic elastic
deformation and structural reorganizationwithin theCNTs@PUmesh,
thereby governing crack initiation, morphology, and spatial distribu-
tion and ultimately giving rise to pronounced anisotropy in its elec-
tromechanical response. An unordered-fiber-based PU mesh is also
fabricated to serve as the encapsulating and insulating layer, and
mechanical characterization confirms its pronounced isotropic beha-
vior (Supplementary Fig. S7).

Both the PU mesh and the CNTs@PU mesh are thermoplastic
materials. Leveraging their excellent thermal formability, the motion
vector sensors are constructed via the hot-pressing process, and their
optical image is shown in Fig. 1i. Under the optimal hot-pressing con-
ditions, the fiber interfaces between the PU mesh and the CNTs@PU
mesh undergo a localized melting and bonding process, resulting in
robust interfacial bonding analogous to thermal welding (Supple-
mentary Fig. S8a). The bonding strength between the PUmesh and the
CNTs@PU mesh increases progressively with rising hot-pressing
temperature, applied pressure, and dwell time (Supplementary Fig.
S8b). The optimal hot-pressing parameters included a pressure of
10MPa, a temperature of 60 °C, and a duration of 30 s, and the sensor
surface was white and retained its fiber structure (Supplementary
Fig. S8c–e). In contrast, high hot-pressing temperature, excessive
applied pressure, or prolonged dwell time will damage its intrinsic
fiber architecture (Supplementary Fig. S8f). The robust interfacial
bonding within the multilayered architecture can withstand sub-
stantial in-plane interfacial shear stresses arising from strain mis-
matches, thereby preventing delamination between functional layers
under repetitive or excessivemechanical deformation (Supplementary
Fig. S9). The motion vector sensor can also be easily rolled up,
demonstrating its desirable softness and conformability (Fig. 1j).

Figure 1k and Supplementary Fig. S10 exhibit the optical image
and circuit diagram of the custom-made FPCB, which can achieve
multi-channel signal acquisition andwireless transmission of the spinal
motion signals. The 3D spinalmorphologymonitoring suits are further
prepared through the integration of hardware and software (Fig. 1l). To
achieve highly robust electrical connections between the strain-
sensitive layer and interconnection lines, conductive silver paste and
soft fabric are further employed to mechanically reinforce and fully
encapsulate the electrical interface (Supplementary Fig. S11 and
Note S1). We also considered the inter-individual differences in body
mass index (BMI) and sex-specific torso morphology in the design of
the wearable suit. Five standardized sizes (S, M, L, XL, and 2XL) were
developed. The participants can scientifically match appropriate sizes
based on anthropometric parameters such as height, weight, chest
circumference, and waist circumference to ensure conformal

attachment to the skin surface, thereby enhancing the accuracy of
directional and amplitude-resolved quantificationof skindeformation.

Working mechanism and sensing performance of the motion
vector sensor
Figure 2a shows the schematic diagram of the motion vector sensor
under uniaxial tensile loading at varying orientations, where θ is
defined as the angle between the baseline and the tensile direction.
Figure 2b and Supplementary Fig. S12 show the simulation results for
stress concentration and strain distribution, respectively, revealing
that heterogeneous strain distributions emerge within the device as
stretch directions are changed. Under uniaxial stretching along the 0°
direction, the top-sensitive layer exhibits a high tensile modulus,
enabling it to resist tensile deformation and thereby divert mechanical
load predominantly to the low-modulus encapsulation and insulation
layers. Even under 100% tensile strain applied at 0°, the top-sensitive
layer exhibits minimal nanoscale crack formation (Fig. 2c and Sup-
plementary Fig. S13a), and its relative resistance change hardly fluc-
tuates (Supplementary Fig. S14b). As θ increases from 0° to 90°, the
tensilemodulus of the top-sensitive layer gradually decreases,while its
tensile deformation increases correspondingly. Under uniaxial
stretching along the 90° direction, the top-sensitive layer performs a
tensile modulus closely matched to that of the encapsulation and
insulation layers, resulting in consistent deformation. Micron-scale
crack generation and migration induce the resistance to rapidly
increase to its maximum value (Fig. 2c, Supplementary Fig. S13b and
Supplementary Fig. S14f). In contrast, the tensile modulus of the
bottom-sensitive layer gradually enhances with the increase in θ.
Correspondingly, its relative resistance change reaches its maximum
at θ =0° and declines to a minimum at θ = 90° (Supplementary
Fig. S14).

Figure 2d presents the dynamic resistance response of the top-
sensitive layer under cyclic tensile loading at 100% strain across
directions from0° to90°. Asθ increases, the tensilemorphologyof the
top-sensitive layer gradually transitions from nanoscale crack propa-
gation to the microscale interlaced network migration, resulting in a
stepwise increase in the electromechanical response amplitude. As
expected, the bottom-sensitive layer exhibits a stepwise decrease in
dynamic resistance response under identical loading conditions
(Fig. 2e). The peak relative resistance change reaches its maximum
under uniaxial tensile loading at θ = 90° for the top-sensitive layer and
at θ = 0° for the bottom-sensitive layer. 2Dmapping results of the top-
andbottom-sensitive layers are generated according to the amplitudes
and directions of applied tensile strain, as well as the corresponding
peak relative resistance change, as presented in Fig. 2f, g. These results
provide a quantitative, visual representation of the anisotropic cou-
pling betweenmechanical input and electrical output, thereby directly
linking directional strain input to its corresponding electrical output.

Under identical deformation conditions, the response signal of
the strain-sensitive layer is jointly determined by both the amplitude
and direction of the applied tensile strain. Consequently, a motion
vector sensor incorporating orthogonally aligned top- and bottom-
sensitive layers can be employed to decouple and quantify both the
amplitude and direction of the applied tensile strain. When the tensile
strains are applied in multiple directions, the top- and bottom-
sensitive layers generate specific response signals corresponding to
the strain-loading conditions (Fig. 2h). Consequently, the intensities of
the dual-response signals reflect both the amplitude and direction of
the applied tensile strain. Themotion vector sensor also demonstrates
a high sensitivity to the tensile direction, reliably resolving incremental
changes in tensile loading direction as small as 2° (Fig. 2i). Compared
with previously reported sensors, the motion vector sensor exhibited
significant advantages in two key performance characteristics: a
minimum directional resolution of 2° and a linear working range up to
100% strain (Supplementary Table S1).
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Fig. 2 | Working mechanism and sensing performance of the motion vector
sensor. a Schematic illustration of the motion vector sensor when stretched along
different directions. b Strain-distribution simulations of the motion vector sensor
when stretched along different directions. c Morphology evolution of the top-
sensitive layer when applying tensile strain with different amplitudes along 0°, 45°,
and 90° directions. Three times experiment was repeated independently with
similar results. Scale bars: 30μm (0°), 100 μm (45°), and 100μm (90°).
d, e Response signals of the top-sensitive layer (d) and bottom-sensitive layer (e)

under periodic loading strains of 100% at different tensile directions. f, g 2D fitting
results of the relative resistance changes, tensile strains, and tensile directions of
the top- sensitive layer (f) and bottom-sensitive layer (g) based on the experimental
data.h Response signals of themotion vector sensor under different tensile strains
applied in various directions. i Relative resistance changes of the motion vector
sensor as the tensile angle is sequentially changed by 2°, with an applied tensile
strain of 50%. Data are presented as mean± SD (n = 3).
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The motion vector sensor is capable of detecting dynamic strain
loading over a frequency range from 0.25 to 4Hz, which satisfies the
demand formonitoring bodymotion (Supplementary Fig. S15a). When
the rate of applied tensile strain is set at 400mm/min and the applied
tensile strain is 5%, the response and recovery timesof the strain vector
sensor are 105 and 178ms, respectively (Supplementary Fig. S15b).
Fatigue testing of the motion vector sensor reveals no significant
degradation in sensing performance or delamination in device struc-
ture after 10,000 loading–unloading cycles at 80% strain, confirming
its reliability and stability under prolonged mechanical loading (Sup-
plementary Fig. S16). We randomly selected 10 motion vector sensors
from multiple batches of fabricated devices and measured the initial
resistance of the top- and bottom-sensitive layers and their maximum
resistance change when applying 100% tensile strain, as shown in
Supplementary Fig. S17. The initial resistance fluctuation of the biaxial
strain sensors is less than 0.1 kΩ, and the maximum resistance change
of the top- and bottom-sensitive layers after sufficient pre-stretching is
less than 0.2, which indicates their desirable consistency and repro-
ducibility. We systematically investigated the effect of the relative
position between the top- and bottom-sensitive layers on the direc-
tional detection range of the sensor (Supplementary Fig. S18 and
Note S2). The directional detection range is determined by the angle
between the two strain-sensitive layers. Theoretically, any nonzero
interlayer angle—however small—establishes a one-to-one mapping
between each applied strain vector and its corresponding resistance
change. However, at small interlayer angles, the resistance responses
of the two layers exhibit strong convergence, leading to diminished
signal distinguishability. When the layers are orthogonally arranged,
their response signals show opposite trends, achieving the highest
distinguishability.

The motion vector sensor is mounted on the cervical spine to
enable real-time tracking of neck kinematics (Supplementary Fig.
S19a). The sensor can specifically perceive 3Dneckmovements such as
flexion, anterolateral flexion, and rotation by simultaneously mon-
itoring both the amplitude anddirection of skin strain induced by neck
movement (Supplementary Fig. S19b). It autonomously decouples
each neck motion vector into two orthogonal in-plane strain compo-
nents; the amplitudes of the dual-axis signals quantitatively encode
bothmotion amplitude anddirection. Neckmovement is performed in
2° increments across a range of 0° to 20°. The sensor demonstrates
effective responsiveness to subtle angular changes (Supplementary
Fig. S20). Notably, moving the neck in the direction that compresses
themotion vector sensor will fail to induce the sensor to respond. This
is because the strain-sensitive materials respond selectively to skin
stretching.We consider that sensitivematerials with Janus architecture
have great potential to address this limitation. The ordered fibers with
Janus architecture can be prepared by precise regulation of electro-
spun fiber dimensions. This may lead to a selective multifunctional
response of sensors to directional bending and stretching, facilitating
the tracking of the full-range motion of the joints.

Kinematic symmetry evaluation using 3D spinal morphology
monitoring suit
The spine, endowed with numerous articulations and degrees of
freedom, is capable of performing complex 3D motions, including
flexion, extension, lateral flexion, and rotation across various planes of
the human body (Fig. 3a). To accurately capture 3D spinal motions by
detecting changes in body surface morphology, we systematically
designed the positions of two types of sensors and established eva-
luation protocols for kinematic symmetry assessment basedonhuman
body mechanics (Supplementary Note S3 and Note S4). Figure 3b
illustrates the mounting positions of two types of motion sensors.
Uniaxial motion sensors are positioned at the lower margin of the
sternum and the twelfth thoracic vertebra, as the changes in body
surface morphology at these locations are relatively simple and

predominantly involve sagittal-plane stretching. Conversely, the
changes in body surfacemorphology at the intersection of the left and
right rib edges with the midaxillary line are complex and diverse;
therefore, motion vector sensors are positioned at these locations.
These anatomical landmarks were defined and localized by experi-
enced spine surgeons during the development of the monitoring suit,
after which the sensor positions are realized in routine use simply by
selecting an appropriately sized garment, so that specialist landmark
identification is not required at the point of acquisition. We further
designed three sets of symmetrical spinal motions for evaluation
purposes, including flexion, extension, left and right lateral flexion,
and left and right rotation motions (Fig. 3c). Among these symmetric
motions, flexion and extension reflect spinal movements along the
sagittal plane; left and right lateral flexion reflect spinal movements
along the coronal plane; and left and right rotation reflect spinal
movements along the transverse plane. Moreover, the selected posi-
tions enable more reliable alignment of the sensors along the main
strain direction of the skin (i.e., themaximumstretch direction) during
three sets of symmetrical spinal motions, thereby generating more
significant and specific motion signals. We anticipate that quantitative
assessment of asymmetry in these paired, motion-synchronized sig-
nals will support the detection and characterization of scoliosis.

To test this hypothesis, under the guidance of doctors, healthy
individuals and patients with varying degrees of scoliosis wore a 3D
spinal morphology monitoring suit and sequentially performed three
sets of symmetrical evaluation motions. During these motions, the
four sensors simultaneously recorded the response signals of body
surface morphology that reflected 3D spinal movements. The working
mechanism of the 3D spinal morphology monitoring suit and the
generation of the 3D spinal motion signals are also elaborated in
Supplementary Fig. S21 and Note S5. Figure 3d shows the optical and
X-ray images of a healthy participant, demonstrating high symmetry
and flexibility of the spine along the coronal plane. The flexion and
extension of the spine cause the uniaxialmotion sensors located at the
lower margin of the sternum and twelfth thoracic vertebra to stretch
along the sagittal plane and produce large response signals (Fig. 3h).
The motion vector sensors positioned at the intersection of the left
and right rib edges with the midaxillary line are arranged in an “X”
configuration. During left and right lateralflexion of the spine, the top-
andbottom-sensitive layers of themotion vector sensors onboth sides
produce similar tensile deformation along the coronal plane, yielding
response signals that are approximately the same (Fig. 3h). However,
left and right rotations of the spine cause the skin on both sides to be
stretched along specific directions, eliciting a selective responseby the
top- and bottom-sensitive layers of the motion vector sensors. The
signal amplitudes from the top-sensitive layer on the left motion vec-
tor sensor and the bottom-sensitive layer on the right motion vector
sensor exhibit high consistency. Similarly, the response signal from the
bottom-sensitive layer on the left motion vector sensor is comparable
to that of the top-sensitive layer on the right motion vector sensor.
These data indicate that, in the absence of scoliosis, the skin defor-
mations caused by left and right rotation are approximately symme-
trical. Thus, healthy people acquire approximately symmetrical
response signals when performing three sets of spinal evaluation
motions.

The directional resolution of themotion vector sensor under real-
world conditions was studied (Supplementary Fig. S22). Healthy indi-
viduals sequentially performed left lateral flexion, left rotation, and
right rotationof the spine. The amplitudeof each spinalmotionwas set
to 20°, with angular increments of 2° applied sequentially across all
movement planes. The real-time response signal exhibits a stepwise
change as the spinal motion angle increases. Themotion vector sensor
continuously and effectively responds to subtle movements, demon-
strating its fine detection capability for spinalmotion tracking.We also
designed multiple alternative anatomical landmarks around the
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intended landmarks, located directly above, below, to the left, and to
the right of them, with controlled offset distances, respectively (Sup-
plementary Fig. S23–25). The intended landmarks (with an offset of
0 cm) were included as a reference control group in the analysis to
establish a complete spatial deviation assessment system. When the
sensor is offset along the vertical direction (up/down), the motion
signal remains stable without significant fluctuations (Supplementary
Figs. S23, S25b–e and S25k–n). The horizontal (left/right) offset causes
the sensor to deviate from the main tensile axis direction of the skin,
thereby altering the effective strain components experienced by either
the top- or bottom-sensitive layer and resulting in corresponding
fluctuations in signal strength (Supplementary Figs. S24, S25f–i and

S25o–r). Further experimental and methodological details are pro-
vided in Supplementary Note S6. For participants with different BMIs,
including underweight and overweight individuals, we achieved con-
formal attachment between the sensor and the skin surface by using
properly sized wearable suits, thereby facilitating effective transduc-
tion of skin deformation signals into electrical signals. Experimental
results demonstrate that this approach reliably captures signals with
clear motion recognition across various BMIs (Supplementary
Fig. S26).

In contrast to healthy individuals, scoliosis causes a significant
decrease in both spinal symmetry and flexibility, resulting in incon-
sistent morphological changes on both sides of the body even under

Fig. 3 | Kinematic symmetry evaluation using 3D spinal morphology
monitoring suit. a The axes and planes of the humanbody.b Symmetricalwearing
positions of two sets ofmotion sensors; sensors 1 and 2 are uniaxial motion sensors
placed on the lower margin of the sternum and the twelfth thoracic vertebra, and
sensors 3 and 4 aremotion vector sensors placed on the intersection of the left and

right rib edges with the midaxillary line. c Three sets of symmetrical evaluation
motions of the spine. d–g Optical and X-ray images of healthy individuals and
patients with varying degrees of scoliosis. h–k Real-time motion signals from
healthy individuals and patientswith varying degrees of scoliosis while successively
performing three sets of symmetrical evaluation motions.
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symmetrical motions. Figure 3e shows the optical and X-ray images of
a patient with mild scoliosis, exhibiting a thoracic Cobb angle of 15°
and a lumbar Cobb angle of 14°. The signal intensities of the top- and
bottom-sensitive layers in the motion vector sensor are different
during left lateralflexion due to the abnormal deformation of the body
surface (Fig. 3i). In addition, the intensity of the corresponding signals
generates discernible fluctuations under left and right lateralflexion as
well as left and right rotation. These data indicate that the amplitude
and direction of skin deformation on both sides are asymmetric under
two sets of spinal motions. Inmoderate scoliosis patients, the thoracic
Cobb angle is 26° (Fig. 3f). For severe scoliosis patients, the thoracic
Cobb angle is 55°, and the lumbar Cobb angle is 34° (Fig. 3g). The 3D
deformity of the spine induces significant alterations in body mor-
phology. As the Cobb angle of the spine increases, the intensity dif-
ference in response signals corresponding to the three sets of
symmetrical motions becomes more pronounced (Fig. 3j, k). For
patients with severe scoliosis, left and right rotationalmotionsmay fail
to induce skin deformation on the right side, resulting in weak
response signals (Fig. 3k). During the study, we found thatmuscle tone
has a limited practical impact on the proposed method, as detailed in
Supplementary Note S7. In practical applications, temperature fluc-
tuations did not cause noticeable drift in the response signals. Fur-
thermore, we thoroughly considered the effects of human sweat, skin
movement artifacts, and clothing friction on sensor performance, and
adopted systematic engineering optimization strategies to minimize
the impact of these factors (Supplementary Figs. S11d–f, S27 and
Note S8).

Artificial intelligence-powered scoliosis identification
Analyzing the collected time series of signals from the 3D spinal
morphology monitoring suit poses several challenges: the signals are
multi-channel, encapsulating complex 3D spatial information; they are
long-duration, with each signal containing information of three sets of
symmetrical evaluation motions; and there is significant individual
variability in the signals collected from different individuals. To
address these challenges, as shown in Fig. 4a, we utilized Graph Con-
volutional Neural Networks (GCNNs) and developed a time-spatial
modeling-based dynamic GCNN model named Graph-based Scoliosis
Detection (GraphScoDetect). GraphScoDetect is further detailed in
Supplementary Fig. S28, as well as in Supplementary Note S9 and S10.
Thismodel is adept at time-series node representationwithin dynamic
spatial graphs. To prevent model overfitting, we introduced an inter-
subject, self-supervised learning protocol during the pre-training
phase, which allows the emergence of robust asymmetrical features.
The detailed design of subject-wise positive and negative pair con-
struction and the corresponding contrastive learning strategy are
illustrated in Supplementary Fig. S29.

To rigorously evaluate GraphScoDetect, we recruited 145 scoliosis
patients and 45 healthy controls from four hospitals and one school-
based screening program, resulting in a total cohort of 190 partici-
pants. The average age of the scoliosis and control groups was 14.04
and 14.10 years, respectively (P =0.855). Among the scoliosis patients,
53.1% presented with a single-curve pattern, 46.2% with a double-curve
pattern, and 0.7% with a triple-curve pattern. Scoliosis severity was
classified according to the Cobb angle and treatment strategy—mea-
sured from standardized standing posterior–anterior radiographs—
into three clinically validated tiers:mild (10°–25°),moderate (25°–45°),
and severe (>45°). Details of clinical cohort construction and the dis-
tribution of cohorts across participating centers are provided in Sup-
plementary Note S11 and Supplementary Table S2, respectively.

To assess the generalization capability of GraphScoDetect, we
performed subject-independent validation by strictly separating par-
ticipants between training and testing sets. All repeatedmeasurements
acquired from the same participant were assigned to the same data
split to avoid subject-level information leakage. Following a leave-one-

subject-out (LOSO) evaluation protocol, each participant was itera-
tively used as an independent test subject while the remaining parti-
cipants were used for model training. The details of subject-
independent evaluation protocols are demonstrated in Supplemen-
tary Note S12. Under the LOSO protocol, GraphScoDetect achieved an
accuracy of 92.63% (95%CI: 88.01–95.56%), a sensitivity of 96.55% (95%
CI: 92.18–98.52%), and a specificity of 80.00% (95% CI: 66.18–89.10%)
for binary scoliosis identification. The corresponding area under the
receiver operating characteristic curve (AUROC) and the area under
the precision–recall curve (AUPRC) were 95.03% (95% CI,
91.20–97.99%) and 98.24% (95% CI, 96.76–99.35%), respectively
(Fig. 4b, c). Furthermore, additional subject-independent evaluations
based on GroupKFold with different fold numbers and leave-one-
center-out (LOCO) validation were conducted to further assess model
robustness under different unseen-subject and unseen-center scenar-
ios (Supplementary Tables S3 and S4). The corresponding confusion
matrices under these validation protocols are provided in Supple-
mentary Fig. S30. To ensure a fair comparison with existing methods,
the selection criteria and implementation details of all baselinemodels
are demonstrated in Supplementary Note S13 and Table S5. All base-
linemodels were evaluated using the same preprocessing pipeline and
subject-independent data partition strategy asGraphScoDetect. Under
these consistent evaluation settings, GraphScoDetect achieved
superior performance compared with existing baseline methods,
demonstrating the effectiveness of the proposed multi-sensor graph-
based representation learning framework for scoliosis identification.

To compare GraphScoDetect with conventional scoliosis screen-
ing protocols in a real-world screening scenario (Supplementary Fig.
S31), we conducted an external-center evaluation using Zhejiang Uni-
versity Hospital as an unseen testing center. All participants in this
cohort underwent conventional screening with FBT and scoliometer
assessment, followed by whole-spine X-ray examination as the clinical
reference standard. GraphScoDetectwas trainedusingdata fromother
centers and independently evaluated on the Zhejiang University Hos-
pital cohort. In the external-center evaluation, GraphScoDetect
achieved an accuracy of 87.72% (95% CI, 76.75–93.92%), a sensitivity of
92.86% (95% CI, 80.99–97.54%), and a specificity of 73.33% (95% CI,
48.05–89.10%; N = 57). The corresponding AUROC and AUPRC were
88.25% (95% CI, 76.98–96.83%) and 95.24% (95% CI, 90.53–98.87%),
respectively (Fig. 4d, e; N = 57). The results demonstrate improved
screening capability compared with conventional screening approa-
ches and the potential to reduce unnecessary X-ray examinations.

To assess GraphScoDetect’s capacity to discriminate scoliosis
severity, we conducted a four-category classification task using the
predefined clinical severity labels described above. To visualize the
learned feature space, intermediate feature embeddings immediately
before the classification head were extracted under leave-one-subject-
out (LOSO) evaluation and projected into two dimensions using prin-
cipal component analysis (PCA), implemented in scikit-learn. The
phenotypic distributions exhibited distinct segregation (Fig. 4f), indi-
cating that the features extracted by the trained model have obvious
asymmetry characteristics. Under the LOSO validation protocol,
GraphScoDetect achieved an accuracy of 71.05% (95% CI,
64.24–77.03%) and a balanced accuracy of 69.64% (95% CI,
62.29–76.80%) for four-category scoliosis severity classification
(Fig. 4g). The area under the receiver operating characteristic curve
(AUROC) and the area under the precision–recall curve (AUPRC) were
87.84% and 70.32%, respectively. Further analysis was then conducted
to determine why one severe patient was misclassified as moderate in
our approach. The patient has double curves, the thoracic curve with
36° and the lumbar curvewith 55° (Supplementary Fig. S32). Given that
the sensor is placed at the junction of thoracic and lumbar regions, the
two curves were too close to distinguish the signals, ultimately
resulting in misclassification.
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We next evaluated whether the asymmetry-related features
extracted by the GCNN could quantitatively map to the severity of
scoliosis, represented by the clinically measured Cobb angle. For this
purpose, wemodifiedGraphScoDetect, replacing its final classification
layerwith a regression layer, specifically encompassing one long short-
term memory layer and two linear layers. With this approach,
GraphScoDetect achieved anRootMean Squared Error (RMSE)of 6.01°

(95% CI, 5.27–6.74°), an Mean Absolute Error (MAE) of 4.59° (95% CI,
4.04–5.15°), and a coefficient of determination (R²) of 0.93 (Fig. 4h).
Stratified analyzes showed MAE/RMSE values of 4.40°/5.35° for Cobb
angles of 10–25°, 4.87°/6.12° for angles of >25–45°, and 8.19°/9.80° for
angles >45°, respectively. This performance is comparable to the
reported variability of manual Cobb angle measurements by
clinicians40,41, indicating the potential of the GCNN-based framework

I II III

Fig. 4 | Artificial intelligence-powered scoliosis identification. aOverview of the
Graph-based Scoliosis Detection (GraphScoDetect) framework, in which motion
signals are processed to generate class probabilities and the class with the highest
predicted probability is selected as the model output. Here, Fs and Fs’ denote the
learned feature representation of the motion signals from subject S, where S is the
subject index; S’ ≠ S indicates that thepaired feature representations originate from
different subjects. b Confusion matrix for binary classification, reflecting the
model’s ability to differentiate scoliosis cases from non-scoliotic patients.
c Receiver operating characteristic curve for binary scoliosis identification under
leave-one-subject-out (LOSO) validation. d Confusion matrix for external-center
binary scoliosis identification using participants from Zhejiang University Hospital
as the independent test cohort (N = 57). e Receiver operating characteristic curves

for the external-center evaluation. f Principal component analysis projection of the
feature embeddings extracted before the classification head under LOSO valida-
tion. gConfusionmatrix for four-category classification of normal, mild,moderate,
and severe scoliosis under LOSOvalidation (N = 190).h Relationship between Cobb
angles predicted by GraphScoDetect and those measured from radiographs by
clinical experts. R2 denotes the coefficient of determination, indicating the good-
ness of fit between the predicted and measured Cobb angles, whereas Root Mean
Squared Error (RMSE) denotes the root mean square error, indicating the magni-
tude of the prediction error. i X-ray images of different types of spinal curvature,
including thoracic curvature (I), lumbar curvature (II), and thoracolumbar curva-
ture (III). j Class-wise recall for identifying thoracic, thoracolumbar, and lumbar
curve locations among participants with scoliosis (N = 145).
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for quantitative scoliosis assessment. The agreement between the
wearable-based Cobb angle estimation and radiographic reference
measurements was further evaluated using Bland–Altman analysis,
demonstrating consistent agreement across the cohort (Supplemen-
tary Fig. S33).

We investigated the effects of sensor placement deviations
and sensor-position ablation under subject-independent evalua-
tion to assess the robustness and sensor contribution of
GraphScoDetect. As summarized in Supplementary Table S6,
GraphScoDetect maintained stable scoliosis identification per-
formance under 18 sensor displacement conditions, including
horizontal and vertical shifts with different displacement magni-
tudes. Although sensor displacement reduced waveform similar-
ity, the learned feature representations remained relatively stable
under most displacement conditions, as indicated by the Pearson
correlation coefficient (PCC) and the relatively small feature dis-
tances. In contrast, large horizontal displacement of all sensors
substantially altered the acquired motion patterns and increased
the feature distance, leading to a decrease in identification
accuracy to 60%. These results indicate that GraphScoDetect does
not depend solely on precise sensor placement; rather, it learns
robust representations of spinal motion asymmetry—capable of
tolerating practical variations during real-world wearable
deployment.

We further performed systematic sensor ablation analyzes to
evaluate the contributionof different sensing configurations (Note S14
and Supplementary Tables S7–S13). Removing individual sensors
consistently degraded performance, demonstrating the com-
plementary roles of multiple sensing positions. Among all sensors,
removing Sensor 3 caused the largest performance reduction in both
binary identification and four-category severity classification, with
accuracy decreases of 6.84% and 15.26%, respectively. Stratified ana-
lysis across different curvature locations further confirmed the domi-
nant contribution of Sensor 3, particularly for thoracic, lumbar, and
thoracolumbar curves (Supplementary Table S13). In addition, redu-
cing the number of sensors resulted in progressive performance
degradation, with the complete four-sensor configuration achieving
the best overall performance (Supplementary Tables S9 and S10).
Comparison amongdifferent sensingmodalities further demonstrated
that the combined configuration integrating uniaxial deformation and
motion-vector information consistently outperformed single-modality
designs, indicating complementary biomechanical representations of
amplitude-sensitive and direction-aware spinal motion (Supplemen-
tary Tables S11 and S12).

During the screening and monitoring of scoliosis, we regard the
spine as a whole to identify the presence and severity of disease,
focusing on the most severe curve in cases of multi-curvature. We
further investigated whether it was possible to identify the location of
the curvature. Figure 4i exhibits the X-ray images of different types of
spinal curvature, including thoracic curvature (I), lumbar curvature (II),
and thoracolumbar curvature (III). To this end, we collected the signals
on the trans-crossing plane between the chest and the abdomen,
thereby theoretically assessing signals from thoracic, thoracolumbar,
and lumbar curvature. GraphScoDetect achieved an overall curvature-
location accuracy of 82.76% (95% CI, 75.79–88.04%), with class-wise
recalls of 90.22% (95% CI, 82.44–94.77%) for thoracic curves, 68.42%
(95%CI, 46.01–84.64%) for thoracolumbar curves, and 70.59% (95%CI,
53.83–83.17%) for lumbar curves (Fig. 4j). Compared with the conven-
tional methods for scoliosis identification, the developed 3D spinal
morphology monitoring suit can accurately identify the degree and
location of scoliosis, providing a radiation-free alternative for scoliosis
screening andpotentially supporting longitudinal follow-upduring the
management of this condition (Supplementary Note S15 and
Table S14).

Discussion
In this study, a 3D spinal morphology monitoring suit with embedded
motion sensors is integrated to enable real-time tracking of 3D spinal
motions by precisely detecting the amplitude and direction of skin
deformation. Dynamic scoliosis identification is achieved by assessing
the symmetry of human postures during symmetrical 3D spinal
motions. Crucially, we utilized data from fourmedical centers and one
school-based screening program to overcome the single-source bias.
We developed a pioneering self-learning GCNN architecture to trans-
form complex signal features into quantifiable patient asymmetry
measures, which encodes and contrasts multiple data samples from
different domains.

Under subject-independent validation, our method achieved
robust performance for binary scoliosis screening and demonstrated
the feasibility of severity classification based on wearable motion sig-
nals. The use of complementary evaluation metrics, including
balanced accuracy, AUROC, and AUPRC for severity classification,
provided a comprehensive assessment under imbalanced severity
categories. Balanced accuracy reflects overall performance while
accounting for category imbalance, AUROC characterizes discrimina-
tion capability across decision thresholds, and AUPRC provides addi-
tional evaluation of performance in imbalanced classification
scenarios. Sensitivity and specificity further characterized the clinical
screening capability by quantifying case detection and correct exclu-
sion of non-scoliosis participants, respectively. We further identified
the curvature positions of the spine, achieving an overall accuracy of
82.76%, with accuracies of 90.22% for thoracic curves, 68.42% for
thoracolumbar curves, and 70.59% for lumbar curves.

Several limitations should be acknowledged. The cohort com-
prises 190 participants from five centers, of whom 45 are controls, so
specificity estimates carry wide confidence intervals, and the four-
category severity results, based on few severe (>45°) cases, should be
regarded as exploratory. Control participants recruited through the
school-based program did not undergo radiography for ethical rea-
sons, and a small number of verymild curvesmay therefore have been
classified as controls. Themethod also requires participants to execute
three sets of symmetrical spinal motions, and each was assessed at a
single supervised session; performance in individuals with restricted
spinal mobility, across the mixed aetiologies represented in the
cohort, and during unsupervised long-term wear therefore remains to
be established. Prospective multi-center studies with paired radio-
graphic follow-up are under way.

This work provides a viable alternative for radiation-free scoliosis
screening, with the potential to support longitudinal follow-up and to
reduce the number of repeat radiographs required during the man-
agement of the condition.

Methods
Materials
PU powders with a molecular weight of 200,000g/mol were supplied
by BASF Polyurethane Specialties (Guangdong, China). The purity level
of the PU exceeded 99.9%. A water-based dispersion of carbon nano-
tubes (CNTs), featuring an average diameter of 50nm, was obtained
from Nanjing XFNANO Materials Tech Co., Ltd. (Jiangsu, China). The
concentration of CNTs in the dispersion was 10wt%. N,N-Dimethyl-
formamide (DMF) and tetrahydrofuran (THF), both of analytical grade
(purity ≥99.9%), were purchased from Aladdin Reagent Database Co.,
Ltd. (Shanghai, China).

Preparation of the PU meshes with different fiber orientations
PU powders were dissolved in a mixed solvent of DMF and THF at a
mass ratio of 2:3 to prepare a 20wt% polymer solution, which was
magnetically stirred for 8 h at 60 °C. Electrospinning was carried out
using a NANON electrospinning system (MECC Co., Ltd.) under the
followingoptimizedparameters, including anapplied voltageof 20 kV,
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a syringe pump flow rate of 0.5mLh−1, and collector rotational speeds
of 200 and 2000 rpm. The collector, which was covered with alumi-
num foil, was positioned 20 cm from the injector nozzle. The ambient
temperature and relative humidity were maintained at 25 °C and 25%,
respectively. The electrospinning duration was 8 h per sample. Sub-
sequently, the PUmeshes were dried under vacuum at 60 °C for 6 h to
remove residual solvents.

Preparation of the CNTs@PU meshes with different fiber
orientations
Samples of the PUmesh, basedonunidirectional andunorderedfibers,
were prepared separately. Subsequently, each mesh was immersed in
the aqueous CNT dispersion and subjected to ultrasonication for
30min at ambient temperature to promote uniform CNT adsorption.
Excess dispersion was gently blotted from the mesh surface, after
which the samples were wound onto a polytetrafluoroethylene (PTFE)
substrate and dried under vacuum at 60 °C for 6 h. Finally, the
CNTs@PU meshes were carefully peeled off the PTFE substrate.

Construction of the uniaxial motion sensor and motion
vector sensor
The isotropic PU mesh based on unordered fibers served as both the
encapsulation layer and the insulation layer, while the anisotropic
CNTs@PUmesh based onunidirectionally aligned fibers functioned as
the sensitive layer. Different functional layers were patterned using a
laser engraving machine (LaserMen, LM-6040) under controlled con-
ditions: laser power of 10W and scanning speed of 100mm/s. In the
uniaxial motion sensor, the prepared encapsulation layer is rectan-
gular in shape, with side lengths of 5.4 × 1.4 cm; the prepared strain-
sensitive layer is also rectangular in shape, with a size of 5 × 1 cm, and
an additional electrical interface needs to be reserved. In the motion
vector sensor, the prepared encapsulation layer and insulation layer
were circular, with diameters of 4 cm and 3.6 cm, respectively; the
prepared strain-sensitive layer is strip-shaped, with a size of
5.2 × 0.5 cm. By sandwiching two isotropic encapsulation layerswith an
anisotropic sensitive layer, the uniaxialmotion sensorwas constructed
by the hot-pressing process. By sequentially stacking the bottom
encapsulating layer, bottom strip-like sensitive layer, insulating layer,
top strip-like sensitive layer, and top encapsulating layer from bottom
to top, the motion vector sensor was fabricated by the hot-pressing
process. The optimal parameters for the hot-pressing process were as
follows: an applied pressure of 10MPa, a temperature of 60 °C, and a
dwell time of 30 s.

Integration of the 3D spinal morphology monitoring suit
In this study, the elastic bodysuit serves as an integrated substrate for
motion sensors, conductive wires, and FPCBs. To facilitate integration,
we developed a custom ironing adhesive patch. One side of the patch
is coated with hot-melt adhesive, which ensures strong adhesion
between the patch and the elastic bodysuit. The other side features a
high-strength adhesive designed to provide robust bonding with each
module. Subsequently, the various modules are integrated onto the
elastic bodysuit using the ironing adhesive patch as themedium. After
precisely positioning and placing the ironing adhesive patches on the
elastic bodysuit, the patches are heated with an iron at 180 °C for 10 s,
followed by a cooling period. Next, the motion sensors, conductive
wires, and FPCB are accurately positioned and securely adhered to the
elastic bodysuit. Finally, each module is encapsulated with a layer of
elastic fabric to complete the packaging process.

Patients
All kinds of scoliosis, including idiopathic, congenital, neuromuscular,
and syndromic scoliosis, have the same phenotypes as a curved spine,
uneven shoulders, and asymmetryof the back, and the disease severity
is determined by the Cobb angle. Etiology was recorded for every

participant, and the cohort was deliberately pooled rather than stra-
tified by etiology, because themethod targets the scoliotic phenotype
rather than a single etiological subtype. Our inclusion criteria are: 1)
agree to participate in the study and sign the consent. 2) with con-
firmed or suspected scoliosis; Exclusion criteria are: 1) vertebral mal-
formation; 2) cannotfinish the test; 3) history ofprior spinal surgery; 4)
degenerative (adult de novo) scoliosis. Brace treatment was not an
exclusion criterion, and brace treatment history was recorded as
clinical metadata. Risser stage and menarche status were recorded as
indicators of skeletal maturity but were not applied as inclusion cri-
teria. The clinical trial included five cohorts: cohorts 1 to 3 were col-
lected from three hospitals in clinical settings, and cohort 4 was also
collected from one hospital for participants who were screened posi-
tively in a school screening program. Cohort 5 was recruited through a
school-based screening program. For ethical reasons, radiographywas
not performed in asymptomatic screen-negative minors; the scoliosis-
negative status of theseparticipantswas thereforeestablishedby three
negative screening tests together with a confirmatory physical exam-
ination by a spine-deformity surgeon with more than ten years of
subspecialty experience, rather thanby radiography. This difference in
reference standard between Cohort 5 and Cohorts 1–4 is acknowl-
edged in the Limitations.

Radiography and disease severity
All patients testingpositive on anypreliminary screeningmethod, such
as the FBT or scoliometer assessment, were referred to a surgeon for
radiological verification and additional evaluations. In datasets 1–4,
sourced from various medical centers, participants underwent an
anteroposterior standing full-length spinal X-ray to confirm the pre-
sence of scoliosis. The Cobb angle, a critical measure of spinal curva-
ture, was independently assessed by the same two experienced spine
surgeons for all participants across all five centers, so that annotation
was not confounded by center-specific reading practice. Both readers
were blinded to the wearable sensor results, and any discrepancy
between the two readings was resolved by consensus discussion. Dis-
ease management was stratified based on the Cobb angle measure-
ments: 1) Normal: no treatment required for Cobb angles less than 10
degrees; 2) CloseMonitoring: Cobb angles between 10 and 25 degrees;
3) Brace Treatment: Cobb angles between 25 and 45 degrees; 4) Sur-
gical Intervention: Cobb angles exceeding 45 degrees.

Model evaluation and statistical analysis
All model evaluations were performed under subject-independent
protocols. Specifically, repeated measurements from the same parti-
cipant were assigned exclusively to the same data partition to prevent
information leakage. GraphScoDetect was evaluated using leave-one-
subject-out (LOSO), GroupKFold with 3, 5, 7, and 10 folds, and leave-
one-center-out (LOCO) validation. In GroupKFold settings, partici-
pantsweredivided into foldswhile keeping allmeasurements from the
sameparticipantwithin the same fold. LOCOvalidationwas conducted
by holding out one recruitment center as an independent test set. All
baseline models were implemented using the same preprocessing
pipeline and subject-level partition strategy. Experiments were repe-
ated with multiple random seeds, and results were reported as
mean± standard deviation when applicable. Performance was eval-
uated using task-specific classification metrics. Confidence intervals
for classification proportions were calculated using the Wilson
method, while confidence intervals for AUROC were estimated using
bootstrap resampling. Model training and statistical analyzes were
implemented in Python 3.10 using PyTorch 2.2.1, scikit-learn 1.4.2,
NumPy 1.26.4, and SciPy 1.12.0.

Characterization
Surface morphologies of all fabricated materials and sensors were
examinedbyfield-emission scanning electronmicroscopy (FEI, Quanta
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3D FEG). Mechanical properties were evaluated using a universal ten-
sile testing system (Mark-10 ESM303) under a controlled displacement
rate and ambient conditions. For electromechanical characterization,
theCNT@PUmeshes and the sensorswere subjected to tensile loading
on the same Mark-10 ESM303 system, while real-time resistance
changes were simultaneously recorded using a high-precision digital
multimeter (Keithley DMM7510).

Ethics oversight
All procedures involving human research participants were conducted
in accordance with the experimental protocol approved by the Ethics
Committee on the Use of Humans as Experimental Subjects of the
Peking Union Medical College Hospital, Peking Union Medical College
and Chinese Academy of Medical Sciences (No. I-24PJ0473). All parti-
cipants or their parents/legally authorized representatives were
informed and providedwritten consent. Permission has been obtained
to publish images and information that identify individuals.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data generated in this study are provided in the Supplementary
Information/Source Data file. Example wearable-sensor data and the
implementation code for GraphScoDetect are publicly available at
https://github.com/DhrLhj/GraphScoDetect. The raw datasets gener-
ated in this study are protected and are not publicly available due to
participant privacy and ethical restrictions concerning sensitive clin-
ical information. Data access and any additional requests can be
obtained by submitting a specific research proposal and signing a Data
Transfer Agreement with the corresponding author (yuezhang@ust-
b.edu.cn). Data sharing is restricted to academic researchers for non-
commercial purposes. We will respond to requests within two weeks,
and access is granted for a 2-year authorization period. Any additional
requests for information can be directed to, andwill be fulfilled by, the
corresponding authors. Source data are provided with this paper.

Code availability
The Python code (Python 3.10 + ) for the GraphScoDetect model and
associated analyzes is publicly available at https://github.com/DhrLhj/
GraphScoDetect. The version of the code associated with this study is
archived on Zenodo at https://doi.org/10.5281/zenodo.2327662842.
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