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Abstract

Understanding the dynamic behavior of the human trunk during locomotion is critical
for addressing prevalent disorders like low back pain and scoliosis, yet current bio-
mechanical models often oversimplify the trunk as rigid segments. To bridge this gap,
we introduce a novel approach combining body surface topography changes with
network analysis to characterize trunk motion as a dynamic continuum. By employing
the skin surface as a non-invasive observer, we utilized community detection algo-
rithms to identify synchronous deformation regions (SDRs) during gait. Our results
suggest that the human back operates as a modular system of synchronized kine-
matic regions rather than a single homogeneous tissue. These SDRs exhibit robust
spatial boundaries and long-range synergies across varying walking speeds, reflect-
ing underlying musculoskeletal dynamics, including spinal kinematics and myofascial
coordination. We identified stable clustering in thoracic and lumbar regions, alongside
speed-dependent pelvic-scapular synchronization, validating the synergy between
upper and lower limb girdles. This framework establishes a methodological founda-
tion for precision rehabilitation by observing the motion of the outer skin. In the future,
after validation in larger cohorts and clinical populations, this approach may support
candidate surface-derived indicators for evaluating pathological deviations, such as
asymmetry in scoliosis or rigid movement patterns in low back pain.
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Author summary

Understanding dynamic trunk function is essential for treating spinal disorders,
yet current methods often oversimplify the torso as rigid segments. We introduce
a novel framework combining surface topography with network analysis to de-
code the complex, continuous deformations of the human back during gait. We
identified stable synchronous deformation regions that reflect underlying mus-
culoskeletal dynamics, suggesting the trunk as a coordinated, modular system.
This non-invasive approach bridges the gap between static anatomy and dynam-
ic function, which may support the development of quantitative surface-derived
measures for rehabilitation research.

1 Introduction

The human trunk plays a pivotal role in maintaining stability and facilitating the motion
of the center of mass during fundamental locomotor tasks, such as walking. How-
ever, the biomechanical complexity of the trunk during such movements remains
poorly understood, posing a significant challenge for the clinical management of
trunk-related disorders. Conditions such as low back pain (LBP) [1] and spinal
deformities like scoliosis [2], are prevalent issues that severely restrict mobility and
daily activities [3]. While the global burden of these conditions highlights the urgency
for effective rehabilitation, a fundamental barrier exists: the lack of high-resolution
methods to characterize the trunk motion as a continuous, coordinated system during
locomation.

Current methods for assessing trunk functions struggle to capture the complex-
ity of its motion. Structural imaging modalities, such as MRI [4,5], clearly visualize
internal anatomy but are typically restricted to static conditions, failing to account for
the functional behavior of tissues during dynamic tasks. While dynamic ultrasound [6]
has emerged as a valuable tool for monitoring real-time muscle contractions and fas-
cial gliding, its scope is inherently limited by a narrow field of view, which precludes
the observation of large-scale, coordinated patterns across the entire dorsal surface.
To address the need for functional mechanical characterization, advanced robotic
platforms, such as the Robotic Spine Exoskeleton (RoSE), have been developed to
quantify the three-dimensional stiffness of the human torso in vivo, providing insights
into the biomechanical differences between healthy individuals and those with spinal
deformities [7,8]. Complementary to these experimental measures, biomechanical
approaches often rely on musculoskeletal (MSK) modeling to characterize dynamic
abnormalities [9]. However, the complex structure of the trunk—comprising multiple
vertebrae and non-osseous tissues—poses a unique challenge. To facilitate calcula-
tions, the trunk is typically simplified into rigid body segments (e.g., thorax and pelvis)
[10]. This simplification overlooks the continuous surface deformations and interver-
tebral motions that occur during walking, leading to discrepancies between compu-
tational models and in vivo behavior [11]. While techniques like rasterstereography
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have attempted to reconstruct topographical features [12,13], a comprehensive dynamic representation of the trunk’s
surface topography during cyclic tasks remains largely unexplored.

In this study, we introduce a novel technical approach combining “body surface topography changes” with “network
analysis” to characterize trunk motion. The human dorsal skin is not merely a passive covering but a complex mechanical
interface coupled with the underlying myofascial system. The topographic fluctuations, though subtle, aggregate the col-
lective output of the trunk’s deep-seated biological structures. By employing the skin surface as a non-invasive observer
of the underlying complex musculoskeletal dynamics, we utilized community detection algorithms to identify and quantify
“synchronous deformation regions” (SDRs) during gait. Our findings suggest that, in this proof-of-concept study, SDRs
exhibit robust spatial boundaries and long-range synergies that persist across varying walking speeds. These regions are
indicative of underlying myofascial and musculoskeletal coordination. This approach aims to establish a methodological
foundation for the quantitative rehabilitation assessment and may be applied for precise interventions of the trunk disabil-
ity in the future.

2 Results
2.1 Dynamic deformation of dorsal skin during walking

Fig 1 presents the temporal and spatial deformation characteristics of the dorsal skin at a walking speed of 1.3 m/s. The
analysis of local area changes reveals that dorsal skin deformation is not a uniform and passive phenomenon but rather a
complex, rhythmic mechanical response closely coupled with the gait cycle.

As depicted in Fig 1a, the variations in the normalized neighborhood area (Methods), which represents the local skin
stretch ratio, exhibited a clear periodicity synchronous with the gait cycle. The dynamic behavior of selected markers
(Markers 15, 18, 56, and 58) demonstrated cyclic motion, consistently aligning with the alternating gait phases. Overall,
the deformations of the left and right skin surfaces, delineated by the spinal midline, are in anti-phase. For example, the
rightside skin (Markers 18 and 58) experienced progressive stretching throughout the left foot’s stance phase (leftside
heel strike to leftside toe off). Subsequent to leftside toe off, and continuing through the left swing phase, this skin seg-
ment gradually contracted. This confirms that the mechanical behavior of the dorsal skin is functionally integrated with the
kinematic chain of gait.

Despite the global periodicity, a distinct phase inconsistency was observed among individual markers, indicating the
presence of heterogeneous deformation regions. The peak stretch values for different anatomical locations were not
attained simultaneously, even for the ipsilateral skin surface. For instance, Marker 58 (situated on the lower right back)
reached its maximum extension at approximately t=3.08 s, whereas Marker 18 (situated on the upper right back) reached
maximum displacement at around t=3.36 s. This temporal lag suggests that the skin operates through a coordinated
sequence of regional deformations rather than a monolithic expansion.

The spatial distribution of skin deformation, visualized in the 3D topographical maps (Fig 1b—d), further elucidates a col-
laborative mechanism between the left and right dorsal regions. During the rightside swing phase (around t=3.08 s), the
skin on the right side exhibited significant extension (indicated by red zones, stretch ratio>1.05), while the contralateral
leftside remained relatively neutral or compressed. During the leftside swing phase (around {=3.63 s), the deformation
pattern reversed: the left dorsal region (around Marker 56) underwent maximum stretching, while the right side transi-
tioned into a compression phase (indicated by blue zones, stretch ratio<0.95).

2.2 Identification of synchronous deformation regions

To quantify the spatial coordination of dorsal skin deformation, we analyzed the functional connectivity between markers
based on their neighborhood area variations. Fig 2a displays the heatmap of the pairwise Spearman correlation coef-
ficients (pj) for all marker pairs (Methods). The matrix exhibits a block-diagonal structure with distinct regions of high
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Fig 1. Dynamic deformation of dorsal skin during walking. (a) The normalized neighborhood areas for four selected markers (Markers 15, 18, 56,
58) at a walking speed of 1.3 m/s. The curves demonstrate clear periodicity synchronous with the gait cycle, indicated by the moments of leftside heel
strike and leftside toe off. The different times at which the same-side markers (e.g., Marker 58 vs. Marker 56) reach the peak of deformation reflect the
inconsistency in the phase of skin deformation. (b—d) Skin deformation across the dorsal surface at three specific time frames: t=3.08 s (left stance),
t=3.36 s (post left toe off), and t=3.63 s (early left heel strike). The color bar indicates normalized neighborhood areas, where red (values >1) represents
extension and blue (values <1) represents compression.

https://doi.org/10.1371/journal.pcbi.1014388.g001

positive correlation (red) and high negative correlation (blue), suggesting that the dorsal skin can be functionally seg-
mented into discrete regions that deform synchronously or are in anti-phase.

To extract SDRs, a correlation signed network was constructed by filtering the correlation matrix with a strict threshold
(h=0.8). Edges representing weak correlations (|p,-,-\ < h) were pruned, resulting in an undirected graph where connections
represent only strong kinematic coupling. Subsequent community detection analysis applied to this network revealed a
modular structure with modularity Q=0.250 (details in Methods), as shown in Fig 2b.

Within the detected communities, a sub-segmentation based on the sign of the correlation edges was performed. It was
observed that the identified communities were balanced in nature, allowing for a clear separation into sub-regions based
on synchronous (positive) versus anti-phase (negative) deformation. This network topology highlights specific mechani-
cal couplings. Specifically, inter-community edges linking the red and blue modules, as well as specific local connections
involving Node 70 (i.e., edges {70, 71}, {70, 72}, and {70, 76}), are characterized by negative correlation weights. This
anti-phase relationship suggests a compensatory deformation mechanism, where the expansion within one functional
domain occurs in tandem with the localized contraction of its counterpart.
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Fig 2. Identification of SDRs via network analysis. (a) Spearman correlation matrix heatmap of the normalized neighborhood area variation for all
marker pairs. The matrix exhibits a clear block-diagonal structure, signifying the existence of distinct synchronous regions. High positive correlation is
shown in red, and strong negative correlation in blue. (b) Correlation signed network derived from the correlation matrix. Edges with a correlation coeffi-
cient absolute value |pjj| < 0.8 were pruned to isolate strong synergistic coupling. Community detection was used to segment the network into functional
clusters (indicated by color-coding). (¢) Spatial mapping of the identified functional communities to the dorsal marker array. Connected regions are
indicated by dashed lines of the corresponding colors.

https://doi.org/10.1371/journal.pcbi.1014388.g002

Fig 2c maps these network communities back to the physical geometry of the dorsal surface. The spatial clustering
at this speed reveals a complex, multi-regional coordination pattern: The two largest clusters (red and blue) occupy the
mid-to-lower dorsal regions on the right and left sides, respectively. These correspond to the zones of maximum anti-
phase deformation driven by the gait cycle. A distinct functional cluster (grey) was uniquely identified along the midline of
the spine. This zone forms a coherent kinematic boundary separating the lateral deformations, likely reflecting the relative
stability of the vertebral column amidst the dynamic stretching of the paravertebral skin. The existence of spatially dis-
joint functional communities (orange and cyan) is a unique feature, which indicates the presence of long-range kinematic
synergies. The orange cluster aggregates markers from disparate regions, bridging the lower-left and upper-right dorsal
zones. Similarly, the cyan cluster connects the lower-right with the upper-left regions. These “diagonal” configurations
suggest that the dorsal skin operates as a global mechanical continuum, coordinating deformation across non-adjacent
regions (e.g., contralateral shoulder and hip regions) in response to the cross-body torque transfer inherent in high-speed
walking.

2.3 Consistency of functional segmentation across locomotor demands

To investigate the evolution of dorsal skin deformation patterns and verify the robustness of the identified functional
structures, we extended the network analysis across six distinct walking speeds, ranging from 0.7 m/s to 1.7 m/s (in 0.2
m/s increments). Fig 3a—3f illustrates the spatial mapping of the functional communities identified at each speed level.
The results demonstrate a remarkable topological stability in the core functional organization. Across the entire speed
spectrum, the two dominant, anti-phase communities (red and blue) remained largely invariant in their spatial boundar-
ies and position, confirming the left-right reciprocal deformation as the fundamental kinematic mode of the dorsal skin
during gait. The cluster identified along the spinal midline (grey), serving as the kinematic boundary, was consistently
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Fig 3. The SDRs at different walking speeds. (a) The regions at speed 0.7 m/s. (b) The regions at speed 0.9 m/s. (c) The regions at speed 1.1 m/s.
(d) The regions at speed 1.3 m/s. (e) The regions at speed 1.5 m/s. (f) The regions at speed 1.7 m/s.

https://doi.org/10.1371/journal.pcbi.1014388.9003

present across all tested speeds. The invariance of these functional community structures indicates that the detected
patterns reflect stable underlying mechanical coordination strategies that the musculoskeletal system employs to man-
age skin tension and trunk stability, demonstrating strong robustness against changes in walking speed. Furthermore,
the prevalence of long-range synchronous domains (orange and cyan) became gradually apparent with increasing
velocity, first emerging at 1.1 m/s and stabilizing into consistent features at high speeds (i.e., above 1.3 m/s), indicating
enhanced coordination in regional skin dynamics. Their repeated appearance at higher walking speeds further supports
interpreting these multi-marker, spatially disjoint communities as structured long-range synergies rather than as isolated
noisy fragments. Robustness analyses for threshold selection, reduced marker layouts, and 5-s moving windows are
provided in S1 Text.

3 Discussion

In this study, we combined high-density reflective marker tracking with network analysis to quantitatively characterize the
spatiotemporal deformation of dorsal skin during gait. By analyzing these interconnected deformation patterns, our results
suggest that the human back operates as a modular system of synchronized kinematic regions rather than a homoge-
neous sheet of tissue. The emergence of stable, spatially coherent clusters across multiple walking speeds suggests that
body surface topography effectively encodes the underlying interplay of spinal motion, muscular engagement, and fascial
tension. This discussion focuses on decoding these surface patterns to elucidate their anatomical origins, the physio-
logical mechanisms governing their consistency, and their potential as candidate indicators for future studies of trunk
dysfunction.

3.1 Anatomical and functional interpretation of identified clusters

Although the community detection analysis identified multiple clusters, the present study primarily focuses on those with
strong anatomical correlations and functional significance.

First, clusters representing spinal movement (grey) were consistently observed and remained stable across all six
walking speeds. This stability can be attributed to the close proximity of the skin to the underlying spinous processes in
this region [14]. Since the overlying skin and superficial fascia are mechanically constrained near the midline, this region
is less free to undergo the lateral viscoelastic deformation observed in the paraspinal regions. Consequently, changes in
the surface area of the skin are highly correlated with vertebral kinematics. Notably, at five of the six tested speeds, these
spinal clusters were clearly partitioned into distinct thoracic and lumbar regions. This separation likely arises because,
during actual gait, the kinematic synchronization among vertebrae within the same region (i.e., thoracic-thoracic or
lumbar-lumbar) exceeds the synchronization between these two distinct regions.
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Second, the two most extensive clusters (red and blue) were situated roughly over the (left and right) lower dorsal tho-
racic regions, extending down to the upper lumbar segments. These clusters exhibited topological stability across all six
speeds (Fig 4), maintaining remarkably similar spatial distributions and boundaries. The emergence and stability of these
large lateral regions may be associated with the nature of human gait as a complex, three-dimensional coupled move-
ment. Specifically, the flexion-extension cycle induces a generalized stretching of the dorsal integument. In the coronal
plane, lateral flexion recruits the ipsilateral erector spinae and quadratus lumborum, where mechanical forces are trans-
mitted to the surface via the thoracolumbar fascia, generating longitudinal tension bands [15,16]. Simultaneously, axial
rotation engages the Posterior Oblique Subsystem—functionally linking the latissimus dorsi and the contralateral gluteus
maximus—and follows the myofascial continuity described as the ‘Back Functional Line’ [17,18]. Markers situated within
this specific region undergo synchronous, in-phase stretching and compression during the gait cycle. In our mathematical
framework, this localized phase consistency translates directly into high positive rank correlation coefficients (p; > 0.8).

Finally, distinct clusters emerged around the posterior superior iliac spines (PSIS) bilaterally. These regions were
observed exclusively at higher walking speeds (= 1.1 m/s), while indiscernible at lower speeds (< 1.1 m/s). The appear-
ance of these regions may relate to the interaction between the ilium and the overlying skin surface. Higher walking
speeds necessitate significantly larger pelvic rotation [19], resulting in substantial topographical changes; thus, the
synchronization of skin surface contraction becomes sufficiently pronounced to be detected. This increased clarity of
musculoskeletal dynamics at higher velocities is further reflected by another significant phenomenon: the emergence of
long-range synchronization between these pelvic clusters and the superior angle of the respective contralateral scapulae
at speeds = 1.1 m/s. During gait, the scapula undergoes reciprocating upward and downward rotation, and interactions
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Fig 4. Robustness of the SDRs across gait speeds. (a—h) Analysis of the clusters’ geometric properties across various walking speeds (0.7 m/s to
1.7 m/s). The dashed line at 1.00 denotes the within-subject mean value across all six tested walking speeds for the corresponding parameter.

(a, e) Normalized x-coordinate (anterior-posterior position) of the left and right cluster centroids. (b, f) Normalized y-coordinate (left-right position) of the
left and right cluster centroids. (c, g) Normalized z-coordinate (vertical position) of the left and right cluster centroids. (d, h) Normalized area of the left
and right clusters. The small variation in centroid location and area demonstrates the high robustness of the functional segmentation methodology to
changes in gait speed.

https://doi.org/10.1371/journal.pcbi.1014388.g004
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between its prominent edges and the skin induce topographic surface changes. Intriguingly, these small scapular regions
demonstrated a remote synchronization phenomenon with the spatially disjoint larger clusters below. This finding likely
reflects the high degree of synergy in dorsal kinematics: just as forward arm swing coordinates with contralateral leg flex-
ion, the scapula and contralateral ilium—representing the pectoral and pelvic girdles, respectively—follow a similar move-
ment paradigm. By projecting three-dimensional skeletal motion onto two-dimensional skin surface deformation patterns,
this study enables the comparison of upper and lower limb girdle mechanics within a unified dimension. The emergence of
these discrete, synchronized clusters serves as collateral evidence for the synergy between these two systems.

3.2 Physiological justification for spatial consistency

In characterizing the SDRs, we used spatial support as an important plausibility criterion, but not as a strict requirement of
physical contiguity. Because the dorsal skin behaves as a continuous viscoelastic field [20,21], direct deformation trans-
mission is expected to generate locally coherent regions [22,23]. At the same time, the correlation network quantifies sta-
tistical co-variation over time rather than direct material adjacency. Therefore, an SDR may appear either as a contiguous
local domain or as a multi-marker, spatially disjoint pattern when remote sites are driven by the same gait-synchronous
mechanical mode. On this basis, we distinguished between (i) internally coherent cross-regional communities, such as the
orange and cyan clusters in Fig 2c, which were retained as long-range synergies, and (ii) isolated single markers or tiny
fragments lacking clear spatial support, which were not interpreted as SDRs and were treated cautiously as likely artifacts
or computational noise.

3.3 Comparison with traditional sparse configurations

Traditional approaches for assessing trunk kinematics predominantly rely on sparse sensor configurations, such as
inertial measurement units (IMUs) or surface electromyography (sEMG). While IMUs are highly effective in quantifying
global dynamics—including trunk inclination, joint angles, and spatiotemporal gait parameters—they typically treat the
torso as a series of rigid segments, thereby masking the complex, localized deformation patterns of the dorsal surface.
Similarly, although sEMG can characterize functional synergies between specific muscle groups through electrical activity
[24-26], its spatial resolution is inherently limited by the discrete placement of electrodes, making it localized rather than
topographic.

In contrast, our framework transcends the “rigid-body” assumption by treating the dorsal skin as a dynamic continuum.
By employing a dense network of 95 markers, we achieve a high-resolution mapping of surface topography that is mathe-
matically invisible to sparse sensing techniques. This approach not only identifies SDRs as distinct functional domains but
also captures long-range spatiotemporal correlations across the entire trunk. Such macroscopic insights into the collective
coordination of the musculoskeletal system provide an additional layer of information and may support the development of
candidate surface-derived indicators for trunk synergy and potential pathological deviations.

3.4 Potential clinical implications and therapeutic relevance

If validated in larger clinical cohorts, the quantification of SDRs may provide candidate indicators for precision rehabilita-
tion research. Specifically, for patients with mild scoliosis, calculating the location and extent of these convergent regions
may help characterize asymmetry associated with scoliotic trunk mechanics. This spatial mapping facilitates the devel-
opment of targeted intervention strategies, such as localized paraspinal myofascial release and specific neuromuscular
training, to address asymmetric loading patterns [27,28]. Furthermore, in the context of low back pain (LBP), the body
often adopts a “protective guarding” strategy, where nociceptive input significantly constrains spinal flexibility and degrees
of freedom. Consequently, LBP patients may exhibit a broader area of functional convergence, reflecting a rigid, en bloc
movement pattern [29]. As the pathology evolves, the surface area and distribution of these structures are likely to shift,
serving as a dynamic indicator of disease progression or recovery. Therefore, longitudinal monitoring of these regional
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variations could be explored as a candidate metric for tracking functional changes. Ultimately, accumulating such quanti-
tative data across larger cohorts and repeated sessions may help clarify the mechanisms of trunk functional disorders and
inform data-driven therapeutic strategies.

3.5 Limitations and future work

The most important limitation of this study is its single-participant and single-trial design. Although the analyzed walking
segments contained multiple gait cycles and the SDR patterns were examined across six walking speeds, the present
dataset does not allow estimation of inter-subject variability, test-retest reliability, or population-level generality. Therefore,
the SDRs identified here should be interpreted as within-participant proof-of-concept patterns rather than universal ana-
tomical modules or validated clinical biomarkers.

A second limitation is that the present participant was a healthy adult male. The SDR organization observed in this
study may differ in individuals with different body morphology, gait strategy, age, sex, or trunk-related disorders. In par-
ticular, the diagnostic relevance of SDRs for scoliosis, low back pain, or other trunk motor dysfunctions remains unvali-
dated. Future studies should include larger cohorts, repeated trials across sessions, and clinical populations to determine
whether the proposed network-derived measures are reproducible, sensitive to pathology, and specific to different func-
tional impairments.

In addition, the surface-marker method observes external dorsal-surface motion and cannot fully separate vertebral rigid-
body motion, fascial transmission, muscle activity, and soft-tissue deformation. Future work should combine the present
surface-topography framework with complementary measurements, such as dynamic imaging, low-dose biplanar radiog-
raphy, ultrasound, or electromyography, to validate the anatomical sources of the observed SDRs. These extensions will
be necessary before the proposed framework can be used as a clinically validated biomarker for trunk function.

4 Conclusion

This study presents a proof-of-concept framework integrating body surface topography with network analysis to character-
ize dorsal surface deformation during gait. In one healthy participant, the framework identified distinct anti-phase deforma-
tion domains with stable spatial boundaries across walking speeds and speed-dependent scapular-pelvic synchronization
patterns. These findings suggest that marker-derived dorsal surface deformation can provide a non-invasive observer for
coordinated trunk motion.

However, the present results should be interpreted as within-participant feasibility evidence rather than population-level
validation. Larger cohorts, repeated trials, and clinical populations are required to determine whether SDRs are reproduc-
ible across individuals and whether they can serve as clinically useful indicators of trunk dysfunction. With such validation,
the proposed framework may contribute to future quantitative assessment and personalized rehabilitation of musculoskel-
etal conditions such as scoliosis and low back pain.

5 Materials and methods
5.1 Ethics statement

This research protocol received formal approval from the Local Ethics Committee of Peking University First Hospital
(under Application No. 2022#429-002) following strict adherence to research ethics, and written informed consent was
obtained from the subject.

5.2 Mechanisms of dorsal surface deformation during locomotion

During dynamic functional activities such as walking, the dorsal body surface undergoes significant topographical fluctu-
ations driven by the complex interplay between underlying skeletal kinematics and muscular dynamics [30]. In the upper
back, the scapulothoracic rhythm necessitates cyclic alterations in the position of the medial scapular border relative to
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the thoracic wall (displayed in Fig 5ai). Movements such as scapular anterior tilting or winging (Fig 5aii) can significantly
distort the overlying skin topography, while the concentric and eccentric contractions of the rhomboid major and minor
muscles induce dynamic tension and stretching of the superficial integument [31]. Concurrently, axial rotation of the tho-
racic cage, combined with the anisotropic mechanical properties of the skin, results in distinct surface deformations along
the lower thoracic region [32], as illustrated in Fig 5aiii. In the lumbar region, the lateral flexion inherent to the gait cycle
requires contraction of the quadratus lumborum, which approximates the thoracic cage and the pelvis, thereby altering
surface geometry (displayed in Fig 5aiv). Furthermore, the gait cycle involves rhythmic relative flexion and extension of
the lumbar spine, causing periodic elongation and shortening of the skin overlying the spinous processes [33] (displayed
in Fig 5av). Since these topographical alterations are intrinsic to and synchronized with the temporal phases of the gait
cycle, quantitatively characterizing the dynamic morphology of the back surface is essential for understanding the biome-
chanical interface during locomotion.

5.3 Experimental protocol

A healthy male (age 28, height 187 cm, weight 83 kg) was recruited for the experiment. The experiment scenario was
displayed in Fig 5bi. A total of 95 reflective markers were applied to the subject’s dorsal surface in a quasi-uniform grid
pattern to capture skin movement. The detail of each marker set location was displayed in Fig 5bii. The subject was asked
to walk on a force-sensing treadmill (Bertec FIT 5, Bertec, USA) under a series of controlled speed conditions. The walk-
ing protocol consisted of a ramp-up from 0.0 m/s to 1.7 m/s. Motion data were specifically collected at six distinct walking
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Fig 5. lllustration of typical dynamic surface topographical fluctuations and experimental setup. (ai) Changes in the relative position of the
medial scapular border concerning the thoracic wall. (aii) Surface distortion due to scapular anterior tilting or winging. (aiii) Distinct surface deformations
along the lower thoracic region caused by axial rotation and skin’s anisotropic properties. (aiv) Alteration of lumbar surface geometry due to lateral flex-
ion and quadratus lumborum contraction. (av) Periodic elongation and shortening of the skin overlying the spinous processes due to lumbar flexion and
extension during the gait cycle. (bi) Experimental scenario: lllustration of the overall testing environment. (bii) Marker configuration: Detailed placement
of the 95 reflective markers distributed evenly across the subject’s dorsal surface. (biii) Speed protocol: The temporal profile of the walking speed on the
treadmill, ranging from 0 m/s to 1.7 m/s, with each speed stage maintained for a duration of 15 seconds.

https://doi.org/10.1371/journal.pcbi.1014388.9005

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014388  July 24, 2026 10/15




N\ Computational
PLOS }. Biology

speeds: 0.7 m/s, 0.9 m/s, 1.1 m/s, 1.3 m/s, 1.5 m/s, and 1.7 m/s. Each speed condition was maintained for 15 seconds to
ensure the capture of multiple stable gait cycles. The detailed speed change schedule is displayed in Fig 5biii. The time
sequence of marker locations was continuously recorded across all walking speeds using the same optical motion capture
system (Vicon Valkyrie 16, Oxford Metrics Limited, UK). Thus, there was no marker-specific acquisition delay among the
marker trajectories. Concurrently, ground reaction force (GRF) data were recorded by the force plate sensors integrated
within the treadmill. Marker trajectories were the primary data used for SDR network construction, whereas GRF data
were used only for gait-event annotation. The marker location sequence signals were recorded at a sampling frequency
of 100 Hz and subsequently subjected to low-pass filtering (Butterworth filter, 8 Hz cutoff frequency) to reduce the inter-
ference of irrelevant noise. All analytical procedures, including data pre-processing and functional segmentation, were
implemented using customized MATLAB scripts (version 2021a, The MathWorks, Inc., Natick, USA).

5.4 Study flow

5.4.1 Normalized neighborhood area. The positions of markers are arranged in rows and columns, roughly forming
a triangular lattice. To quantify the local surface deformation around each marker, we introduced the concept of a
neighborhood area. The neighborhood area of a marker is defined as the combined area of the four triangles formed by
connecting it to its four nearest neighbors (upper right, upper left, lower left, and lower right), as shown in Fig 6b. This area
is calculated for each frame and normalized by its reference area obtained from the static posture

Si(t)

Si(t) = ot
where i represents the marker number. It is important to note that markers on the periphery of the grid were used only to
define the neighborhoods of the interior markers and were not included in the analysis.

5.4.2 Spearman correlation matrix. To investigate the structural characteristics of skin deformation on the back,
we characterize the relationship between any two markers using the Spearman rank correlation coefficient. This non-
parametric metric was calculated based on the rank-converted sequences of their normalized time-series neighborhood
areas. The coefficient p; between marker / and j is formally defined as

_ cov ( R(S), R(S)))

ORS)PR(S)

Pij

where R(S;) and R(S,-) represent the rank variables of the normalized time-series area sequences S; and Sj, respectively.
The coefficients for all marker pairs were subsequently compiled into the Spearman correlation matrix, C = (pj)nxn-

5.4.3 Correlation signed network. We constructed a marker correlation signed network (G), where the nodes
represent the individual markers. The links in the network correspond to the pairwise correlations, with their weights
derived from the correlation matrix C. To ensure that the functional structure reflects only strong and coordinated activity
during the walking cycle, we implemented a strict filtering process. We retained links with an absolute correlation
coefficient greater than h=0.8. The weighted adjacency matrix A = (aj)(nxn) Of the network is thus defined as

_ Jri iflpgl>h
a,-j— i
0, otherwise (1)

This filtering process results in the final correlation signed network, denoted by G, where only strong kinematic coupling is
preserved.
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Fig 6. Computational workflow for functional segmentation of the dorsal skin. The diagram illustrates the step-by-step methodology used to trans-
form raw marker position data into defined functional structural domains. (a) Marker application: Schematic showing the arrangement of the high-density
reflective marker grid applied to the dorsal surface for motion capture. (b) Neighborhood area calculation: Detailed illustration of the method used to
quantify local surface deformation. The neighborhood area of a central marker is defined by the combined area of four surrounding triangles, which is
normalized by the static reference area to obtain the time-series sequence Sj(t). (c) Time-series area profile: Example of the normalized neighborhood
area sequence (S;(t)) over time, which serves as the fundamental input for the subsequent correlation analysis. (d) Network construction and Commu-
nity Partition: Visualization combining the Spearman correlation matrix (heatmap) and the resulting thresholded correlation signed network. This step
shows the application of community detection algorithms to group markers with strong synchronous (p; > h) and anti-phase (pj; < —h) relationships. (e)
Spatial mapping of functional domains: The final output showing the identified functional clusters mapped onto the anatomical dorsal surface, delineating
areas of synchronized skin deformation behavior (structural domains).

https://doi.org/10.1371/journal.pcbi.1014388.9006

5.4.4 Grouping synchronous markers. To identify groups of markers that exhibit synchronous stretching or
contraction patterns, we performed community detection on the signed correlation network G. The objective is to find a
partition where markers within the same group are more strongly positively correlated with each other than with markers in
other groups. The procedure consists of the following two steps.

First, we applied modularity-based community detection to the unsigned version of the correlation network (i.e., using
the absolute values of the correlations). Modularity quantifies the quality of a network partition by measuring the density
of connections within clusters compared to a random null model [34]. We used the Louvain algorithm [35] as implemented
in Gephi [36] to find the partition that maximizes modularity. To ensure robustness, we performed 10 independent runs for
each network and selected the partition with the highest modularity value.

Second, within each community identified from the unsigned network, we further accounted for the sign structure of the
correlations. Specifically, we examined whether the subgraph induced by each community was structurally balanced—that
is, whether it could be partitioned into two subgroups such that all positive edges lie within subgroups and all negative
edges lie between them. If such a bipartition existed, we split the original community accordingly; otherwise, we applied
the signed Louvain algorithm to obtain the bipartition. In the context of the present study, all identified communities were
found to be bipartite, leading to a clear binary partition of the network.

Additional robustness analyses were performed to evaluate the sensitivity of SDR identification to network threshold
selection, marker-density reduction, and temporal windowing. These analyses repeated the SDR-identification pipeline
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under alternative correlation thresholds, lower density marker layouts, and 5-s moving windows. Full procedures and
results are provided in S1 Text.

Supporting information

S1 Text. Robustness and sensitivity analysis of SDR identification. This supporting text provides detailed methods
and results for the three robustness analyses added in the revised manuscript: threshold-sensitivity analysis, marker-
density sensitivity analysis, and moving-window temporal-stability analysis. It also includes embedded supplementary
figures and a compact summary table for the threshold-sensitivity analysis.
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