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ABSTRACT BACKGROUND CONTEXT: The spine is an anatomically complex system with numerous
degrees of freedom. Due to this anatomical complexity, it is likely that multiple motor control
options exist to complete a given task.

PURPOSE: To identify if distinct spine spatiotemporal movement strategies are utilized in a
homogenous sample of young healthy participants.

STUDY DESIGN: Kinematic data were captured from a single cohort of male participants (N=51)
during a simple, self-controlled spine flexion-extension task.

METHODS: Thoracic and lumbar flexion-extension data were analyzed to extract the continuous
relative phase between each spine subsection. Continuous relative phase data were evaluated using
a principal component analysis to identify major sources of variation in spine movement coordina-
tion. Unsupervised machine learning (k-means clustering) was used to identify distinct clusters
present within the healthy participants sampled. Once distinguished, intersegmental spine kinemat-
ics were compared amongst clusters.

RESULTS: The findings of the current work suggest that there are distinct timing strategies that
are utilized, within the participants sampled, to control spine flexion-extension movement. These
strategies differentiate the sequencing of intersegmental movement and are not discriminable on
the basis of simple participant demographic characteristics (ie, age, height, and body mass index),
total movement time or range of motion.

CONCLUSIONS: Spatiotemporal spine flexion-extension patterns are not uniform across a popu-
lation of young healthy individuals.

CLINICAL SIGNIFICANCE: Future work needs to identify whether the motor patterns charac-
terized with this work are driven by distinct neuromuscular activation patterns, and if each given
pattern has a varied risk for low back injury. © 2019 Elsevier Inc. All rights reserved.
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As an anatomically complex series of joints, it is likely
that there are a multitude of neuromuscular control options
available in the coordination of spine movement. For exam-
ple, for a given gross spine (ie C7—S1) angular change, it is
likely that a variety of sequential local (ie, thoracic-lumbar
or intersegmental) movement strategies exist. Although
spine motor control has been a heavily researched topic [1],
spine kinematics are typically observed through the
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investigation of specific spine regions (ie, lumbar or tho-
racic) in isolation [eg 2—5], or through the investigation of
a small number of intervertebral motion segments [eg
6—9]. Due to these approaches, the intricacy and resolution
of spatiotemporal movement strategies utilized in the coor-
dination of spine movement are largely unknown. Under-
standing which movement strategies are utilized will allow
future research to address both why certain strategies exist,
and whether a given motor strategy is associated with spine
(dys)function or injury.

Previous work has investigated the spatiotemporal
sequencing of spine motion using both cineradiography and
optical motion capture approaches. However, the findings
are far from unanimous. For example, in the study of the
sequencing of lumbar intervertebral flexion-extension
motion using cineradiography some studies have reported
sequential motion patterns [6] whereas others have reported
simultaneous ones [8,9] or a mix of both types [7]. Similarly,
in the study of relative thoracic-lumbar flexion-extension
timing using optical motion capture, thoracic motion has
been shown to both precede and follow lumbar motion [10].
Combined, these findings suggest that different discrete
movement strategies may exist in the coordination of multi-
segment spine kinematics, or that the range of spatiotempo-
ral spine flexion-extension motor strategies is very large.

One way to capture the coordination of complex human
movement subsystems is by using relative phase analyses.
Continuous relative phase (CRP) measures are particularly
well suited to study spatiotemporal patterns in time-evolv-
ing systems [11] and are therefore well suited to quantify
the patterns of relative rotations between spine regions (ie,
thoracic and lumbar) during flexion-extension [12]. Due to
this, these measures have been used extensively in the study
of sagittal plane spine motion [ie 13—15]. Additionally,
unsupervised machine learning techniques, such as k-means
clustering, can be used to objectively identify systematic
trends and groupings present in a sample population
[16,17]. By using multisegment spine flexion-extension
CRP measures as input parameters for k-means, any detect-
able clustering will be indicative of the spatiotemporal
spine flexion-extension strategies utilized within a given
sample population. When CRP is calculated using phase-
normalized input variables [ie 18—20], such clustering will
be independent of natural variations in intersegmental spine
kinematics such as those explained by discrete measures of
spine range of motion (ROM) or neutral spine posture.

Currently, spine neuromuscular control is an area of
heavy research interest [1], with researchers employing a
variety of tools to infer spine function and control. Work in
this area has identified notable differences in the control of
spine movement with low back pain, suggesting that atypi-
cal spine motion is a possible risk factor for low back injury
[21—23], and possibly an avenue to consider to personalize
patient care [24]. However, the current understanding of
normal, healthy spine motion is limited. Knowledge of the
range of strategies used in the coordination of spine motion

in a homogenous sample of healthy individuals
will provide a stronger understanding of any particular
difference that could be more specifically associated with
spine dysfunction and therefore targeted for prehabilitation
or rehabilitation approaches. As such, the purpose of the
current study was to investigate the natural variability in
the spatiotemporal sequencing of spine flexion-extension
motion, and to identify if distinct motor strategies exist in a
homogenous sample of healthy individuals. It was hypothe-
sized that separate groups would be identifiable in the study
dataset, and that when compared statistically, each group
would have distinct differences in intersegmental flexion-
extension sequencing without any notable variability in
demographic (ie, age, height, mass and body mass index
[BMI]) or gross spine motor control (ie, movement time,
total, thoracic or lumbar ROM) measures.

Methods

Participants

Fifty-one healthy males volunteered to participate in the
study. Participant exclusion criteria included the presence
of pain within the lumbopelvic region or lower limbs, as
well as any diagnosed allergies to adhesives. Each partici-
pant completed a general health questionnaire (self-report-
ing their age, height, and mass) and signed informed
consent before data collection. The protocol was approved
by the local Research Ethics Board.

Procedure

Participants were required to complete 3 repeated end-
range spine flexion-extension movements. Each trial was
composed of 2 movements: (1) a flexion movement from a
neutral standing position to their perceived maximum spine
flexion position, and after a brief hold at this position, (2)
extension back to neutral standing. To increase the likeli-
hood that each participant completed the necessary move-
ments by flexing and extending their spine only, each
participant’s pelvis was strapped to a rigid support to mini-
mize hip flexion and pelvis translation. Furthermore, each
participant was instructed to bend forward while only using
his spine. This approach emulates previous work investigat-
ing isolated spine motion and motor control [eg 25,26].
Each spine flexion task was completed at a comfortable
self-selected pace.

Spine flexion kinematics

Participants were outfitted with a grid of 57 reflective
kinematic markers (6.5 mm diameter) to track intersegmen-
tal spine flexion-extension motion. The middle column (19
markers) was adhered superficial to the palpable spinous
processes of the C7—S1 vertebrae in standing. Left and
rightward columns were placed 3—5 cm bilaterally at the
apex of the left and right paraspinal muscle bellies. Marker
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positions were recorded at 120 Hz (OptiTrack, NaturalPoint
Inc., Corvalis, USA) and were filtered with a 4th order,
zero-lag, low-pass Butterworth filter with an effective cut-
off frequency of 2 Hz. All analyses were performed using
custom software scripts written in MATLAB (The Math-
works Inc., Natick, MA, USA). The experimental setup is
depicted in Fig. 1.

Local coordinate systems (LCS), aligned with the sur-
face of the back, were constructed for each spine level
spanning C7—S1 using a method described previously [27].
In brief, each column of markers (left, middle, and right)
was linearly extrapolated to provide an additional 3 points
at the superior and inferior end of each column of markers.
Next, each column of markers was fit with 3D piecewise
(5 knots and 6 segments) cubic splines to estimate the cur-
vature of the spine from C7 to S1. At each spine level, a

LCS was constructed while referencing each 3D spline.
The superior-inferior (SI) vectors of each LCS were tangen-
tial to the midline spline. The left and right splines were
used to define a curved surface representing the local fron-
tal plane. The anterior-posterior vectors were perpendicular
to the SI vectors and normal to the local frontal plane. Last,
medial-lateral vectors were perpendicular to the SI and
anterior-posterior vectors. This method of constructing
LCSs, aligned with the surface of the back, has been shown
to be insensitive to marker noise and yields similar lumbar
and thoracic angular measures when compared with sur-
face-mounted electromagnetic tracking systems [27]. Total
(C7—-S1), thoracic (C7—T12), lumbar (T12—S1) and inter-
segmental (C7—T1 through L5—S1) relative angles were
computed between each superior and inferior LCS using a
(1) flexion-extension, (2) lateral bend, and (3) axial twist

Thoracic

Fig. 1. Depiction of the experimental setup demonstrating the relative locations of each kinematic marker (diameter = 6.5 mm). Markers along the center col-
umn were placed superficial to the palpable spinous processes of C7—S1 in a neutral standing posture. Left and right columns were placed 3—5 cm bilaterally,
superficial to the left and right paraspinal muscles bellies. Relative angles were computed between local coordinate systems approximating the curvature
along the surface of the back to estimate all thoracic, lumbar and intersegmental kinematics.
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Cardan sequence. Angular velocities were computed using
a 3-point central finite difference approach. As spine
motion was restricted to the sagittal plane, only spine flex-
ion-extension angular displacements and velocities were
utilized for any further analyses.

Time normalization

Each angular displacement and velocity waveform
was time-normalized to 400 frames to account for any
variations in trial length. For each flexion-extension trial
3 time points were extracted from the total (C7—S1)
angular displacement waveform including movement
onset, movement offset, and the instant of peak total
spine flexion. All data (ie, thoracic, lumbar, and interseg-
mental) were time-normalized utilizing these 3 points
such that the spine flexion (ie, onset to peak flexion) and
spine extension (ie, peak flexion to offset) occurred over
200 frames. By time normalizing in this way, variations
in trial length are accounted for, thereby facilitating sub-
sequent ensemble averaging; however, any variations in
the spatiotemporal sequencing of spine subsections (ie,
thoracic and lumbar) and segments (ie, C7—T1 through
L5—S1) are maintained.

Thoracic-lumbar CRP

To dissociate spatiotemporal spine movement strategies,
thoracic-lumbar CRP was quantified using methods
described previously [eg 12,28]. Although many options
for phase-space normalization are available [28], recent
work has suggested little influence when comparing phase-
space normalization techniques during idealized lifting
tasks necessitating spine flexion [12]. Therefore, as is com-
mon throughout the literature [eg 18—20,29,30], input
waveforms were phase normalized to ensure all angular dis-
placements and velocities ranged between —1 and 1, using
the following equation:

Ny —2( 2D m00) Y

max(y(©))~ min(y(©) W
such that N(y(t)) represents the amplitude-normalized sig-
nal, and y(t) represents the initial time-varying angular dis-
placement or velocity. The thoracic-lumbar CRP for each
flexion-extension movement was then obtained by calculat-
ing the 4-quadrant arctangent phase angle from a paramet-
ric phase plot (normalized angular displacement vs.
normalized angular velocity). The CRP was taken as the
lumbar minus thoracic difference between each phase angle
at each instant in time over the flexion-extension move-
ment. Using these methods CRP values range in magnitude
from —180 to +180 degrees. For the flexion movement
positive CRP values indicate that the thoracic motion is
preceding lumbar motion. For the extension movement pos-
itive CRP values indicate that the lumbar motion is preced-
ing thoracic motion. CRP data were ensemble averaged

across each repeated flexion-extension movement for every
participant.

Feature reduction: principal component analysis

Principal component analysis (PCA) was performed on
the mean thoracic-lumbar CRP angles for all 51 participants
to identify the independent factors that account for the
majority of variation amongst individuals. PCA of the
pooled thoracic-lumbar CRP from multiple participants
yields an orthogonal set of waveform features (called load-
ing vectors) and a corresponding set of dimensionless PC-
scores for each participant. As a common data reduction
technique, PCA reduces the dataset to a linear combination
of orthogonal components of variation. To interpret each
PC, single component reconstruction was completed to
identify biomechanical meaning of each PC with respect to
a mean waveform [31]. This step was done to select discrete
features that would capture the largest components of varia-
tion present within the thoracic-lumbar CRP dataset, and
could be used to objectively classify new participants into
separate motor subgroups.

k-means clustering

Discrete measures characterizing the 2 major sources of
CRP variations were broken into clusters using a k-means
clustering method. k-means clustering aims to partition n
observations into k clusters in which each observation
belongs to the cluster with the nearest mean, or centroid,
which serves at the prototype for the cluster [16]. Once the
location of each centroid is known, future data can be clas-
sified by comparing the location of each new data point to
the location of each cluster centroid. An inherent risk of the
clustering process is the presence of large numbers of sam-
ples near the cluster boundaries, which can lead to changes
in clustered groups if the analysis is run multiple times.
Therefore, despite iterating each individual k-means algo-
rithm multiple times with randomly seeded initial centroid
locations, convergence to a global optimum is not guaran-
teed. To accommodate this, the k-means clustering algo-
rithm (each with 100 iterations) was repeated 5000 times
and the model with the highest number of common itera-
tions (for each given assignment of k) was selected. To
interpret the strength of each clustering output for multiple
assignments of &, silhouette coefficients (SCs) were exam-
ined with each SC expressing the extent to which clear pat-
terns were distinguished into a given cluster. This measure
represents an average of coefficients for each data point
indicating the distance of each point to the centroid of a
cluster. In general SC values <0.25 suggest the absence of
any substantial structure, and those spanning 0.26—0.50,
0.51-0.70 and 0.71—1.00 suggest weak, reasonable, and
strong structures, respectively [32]. The clustering structure
with the strongest SC and largest number of common model
iterations was utilized for all further analyses.
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Cluster comparison: spatiotemporal movement strategies

To capture any systematic difference in cluster demo-
graphics or gross motor control mean age, height, mass, BMI,
movement time, total (C7—S1) ROM, thoracic (C7—T12)
ROM, and lumbar (T12—S1) ROM were calculated for each
cluster. To identify differences in spatiotemporal movement
sequencing, mean amplitude normalized (Eq. 1) flexion-
extension angles between adjacent LCSs were computed to
be compared within and between each cluster.

Statistical analyses

Discrete measures

Shapiro-Wilk tests were used to assess all discrete depen-
dent variables (ie, age, height, mass, BMI, movement time,
total/thoracic/lumbar ROM) for a normal distribution. To
assess an effect of cluster, normally distributed data were
tested using a one-way analysis of variance (ANOVA); for
variables violating normality assumptions, Kruskal-Wallis
ANOVAs were used. Post hoc pairwise multiple means
comparisons were computed using a Bonferroni correction
to protect against an elevated type I error due to multiple
comparisons (effective @=0.005 for 10 comparisons). All
statistical analyses were performed in MATLAB.

Continuous measures

A statistical parametric mapping (SPM) approach was
used to compare all continuous measures (ie, thoracic-lum-
bar CRP or amplitude normalized intersegmental flexion-
extension angles). For all SPM analyses, a scalar output sta-
tistic (ie SPM{F}) was calculated for each individual time
point. The calculation of SPM{F} indicates the magnitude
of difference between mean waveforms, therefore the null
hypothesis cannot be accepted or rejected by interpreting
these variables alone. To test the null hypothesis (ie, that no
significant difference exists) the critical threshold was cal-
culated at which 0.5% of smooth random curves would be
expected to traverse (ie, «=0.005). Conceptually an SPM
ANOVA is similar to the calculation and interpretation of a
scalar ANOVA. If the SPM{F} trajectory crosses the criti-
cal threshold (F*) at any time point the null hypothesis is
rejected. All SPM analyses were implemented using the
open-source spmld code (v.M.0.4.5, www.spmld.org) in
MATLAB.

For all within-cluster comparisons, a one-way SPM
ANOVA was implemented to compare the flexion-exten-
sion waveforms from all segments spanning C7—T1 to
L5—S1 to identify relative differences in flexion extension
timing. For all between-cluster comparisons a one-way
SPM ANOVA was again implemented to compare flexion-
extension strategies across clusters. Dependent variables
included thoracic-lumbar CRP and flexion-extension rela-
tive angle waveforms. Post hoc pairwise multiple means
comparisons were computed using 2-tailed SPM ¢ tests
and a Bonferroni correction (effective «=0.005 for 10

comparisons). Unless otherwise stated, all values are pre-
sented as means+SD.

Results

Principal component analysis & k-means clustering

The first 2 PCs were found to account for 72.5% of the
variability between thoracic-lumbar CRP waveforms
(Table 1). Single component reconstruction of each PC out-
lined that PC1 (45.9% explained variation) was responsible
for scaling the CRP waveform during the flexion phase of
the movement (Fig. 2A and B). In contrast, PC2 (26.7%
explained variation) was responsible for scaling the CRP
waveform during the extension phase of the movement
(Fig. 2C and D). To accommodate each of these major sour-
ces of orthogonal variation (and to allow for the ease of
future data classification) the mean CRP was calculated for
the flexion (0—200 frames) and extension (200—400
frames) portions of the movement to be used as inputs for
k-means clustering.

When exploring different assignments of k, k=5 demon-
strated high clustering structure (SC=0.58) and the highest
number of common model iterations (1,783 iterations) and
was therefore selected for all further analyses. For any £>6,
single participants were selected for a given cluster thereby
inflating estimates of SC, but also dramatically decreasing
the number of common number of model iterations
(Table 2). Centroid locations for k=5 are depicted in Fig. 3
and are as follows (flexion relative phase, extension relative
phase): cluster 1 (C1; 17.3°£9.3° 13.9°£5.9°), cluster 2
(C2; 6.6°£8.7°, 34.9°+9.6°), cluster 3 (C3; 37.1°+£7.4°,
33.8°+5.7°), cluster 4 (C4; —30.6°+15.9°, 18.8°+£4.9°),
and cluster 5 (C5; 7.5°£16.2°, —16.4°4+8.9°).

Discrete measures: between cluster comparisons

No statistically significant differences were observed
between clusters for any participant demographic (ie, age,
height, mass, and BMI) or gross spine motor control (ie,
movement time, total, thoracic, or lumbar ROM) measure
at the adjusted critical ¢=0.005 (Table 3).

Table 1

Variance and cumulative variance in thoracic-lumbar CRP amongst 51 par-
ticipants explained by the first four principal components (PCs). PC1 and
PC2 (bolded) were used in the selection of a discrete measure (ie mean
flexion and mean extension CRP) to differentiate CRP waveforms using k-
means clustering.

Explained Cumulative
PC Variance (%) Variance (%)
1 45.9 459
2 26.7 72.6
3 12.9 85.5
4 5.5 91.0
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Fig. 2. Depiction of the first 2 principal components (PCs) which explain the largest variations in thoracic-lumbar continuous relative phase. (A) The PC1
loading vector demonstrating the largest influence during the flexion portion of the spine flexion-extension movement. (B) Single component reconstruction
of PC1 demonstrating the 5th and 95th percentile PC1 scores relative to the mean (N=51). (C) The PC2 loading vector demonstrating the largest influence dur-
ing the extension portion of the spine flexion-extension movement. (D) Single component reconstruction of PC2 demonstrating the 5th and 95th percentile

PC2 scores relative to the mean (N=51).

Thoracic-lumbar CRP

A significant main effect was observed (Fig. 4), suggest-
ing that the thoracic-lumbar CRP of clusters 1—5 signifi-
cantly differed during the spine flexion (7%—38% of task
cycle) and extension (62%—95% of task cycle) movements
(p<.001). Specifically, the C1 thoracic-lumbar CRP was
significantly different from C3 (16%—23% of task cycle;
p<.001) and C4 (10%—26% of task cycle; p<.001) during

Table 2

The relative strength of each k-means clustering output when separated
into k clusters assessed using each model’s mean silhouette coefficient
(SC) and the highest number of common model iterations (out of 5000
total). k=5 (bolded) was selected as the optimal value and used in subse-
quent analyses. Crosses indicate models where individual participants
were identified for a given cluster.

Iterations
k SC (/5000)
2 0.5399 1656
3 0.5891 498
4 0.5085 770
5 0.5846 1783
6" 0.5929 483
7" 0.6142 77

spine flexion, and significantly different from C2
(68%—88% of task cycle; p<.001) and C5 (62%—88% of
task cycle; p<.001) during spine extension. Additionally,
the C2 thoracic-lumbar CRP was significantly different
from C3 (10%— 26% of task cycle; p<.001) and C4
(15%—22% of task cycle; p<.001) during spine flexion, and
from C5 (62%—89% of task cycle; p<.001) during spine
extension. Further, the C3 thoracic-lumbar CRP was signifi-
cantly different from C4 (8% — 27% of task cycle; p<.001)
and C5 (17%—19% of task cycle; p=.002) during spine flex-
ion, and from C5 (62%—92% of task cycle; p<.001) during
spine extension. Finally, the C4 thoracic-lumbar CRP was
significantly different from C5 during a small subset of the
extension movement (68%—70% of task cycle; p<.001).

Intersegmental kinematics

Within each cluster, clear differences in the sequencing
of spine flexion and extension motion were observed
(Fig. 5) with a significant main effect of spine level (ie,
C7—T1 through L5—S1) existing within each cluster at
distinct sections of the flexion-extension movement. For
Cl, a significant main effect was observed throughout
much of the flexion-extension movement (0%—68% and
77%—100% of task cycle; p<.001). During spine flexion,
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lower thoracic segments appeared to lead upper thoracic
and lumbar segments. During extension, most segments
appeared to move in synchrony. For C2 and C3, a signifi-
cant main effect was observed throughout the entirety of
the flexion-extension movement (0%—100% of task cycle;
p<.001). For C2, the flexion strategy appeared to be similar
to that of C1 (ie, lower thoracic segments leading upper
thoracic and lumbar); however, during the extension move-
ment a bottom-up strategy existed whereby motion initiated
through lumbar segments and progressed to upper-thoracic
ones. For C3, thoracic segments were observed to lead lum-
bar segments during spine flexion, and trail lumbar seg-
ments during spine extension. For C4, a significant main
effect was observed during both the flexion (16%—43% of
task cycle; p<.001) and extension (79%—100% of task
cycle; p<.001) movements. During flexion, lumbar and
lower thoracic segments appeared to initiate the movement
whereas the upper thoracic segments appeared to lag behind.
During extension, lower lumbar segments appeared to move
first, followed by all thoracic segments. For C5 a significant
main effect was observed during extension (63%—77% of

Table 3

task cycle; p<.001) movement. The notable trend within
C5 during extension was that the upper thoracic segments
were observed to lead lower thoracic and lumbar ones.
Amongst clusters, differences in intersegmental kine-
matics existed primarily within upper thoracic and lower
lumbar segments (Fig. 6). Significant main effects were
found during the flexion movement for C7T1 (17%—41%
of task cycle; p<.001), T1T2 (16%—40%; p<.001), T2T3
(16%—40%; p<.001), T3T4 (13%—40%; p<.001), T4TS
(9%—37%; p<.001), L2L3 (9%—25%; p<.001), L3L4
(4%—24%; p<.001), LALS (4%—22%; p<.001), and L5S1
(6%—23%; p<.001). Additionally, significant main effects
were also observed during the extension movement for
C7T1 (63%—80% of task cycle; p<.001). T1T2 (61%—79%;
p<.001), T2T3 (60%—79%; p<.001), T3T4 (61%—85%;
p<.001), T4TS (61%—89%; p<.001), L3L4 (78%—89%;
p<.001), LALS (74%—87%; p<.001), and L5S1 (71%—87%;
p<.001). Post-hoc analyses (Table 4) indicate a general trend
such that, during flexion, C1 and C3 present with earlier
flexion patterns in upper thoracic segments than C2, C4, and
C5. Additionally, C1 and C3 demonstrate delayed flexion

Meanzstandard deviation participant demographic and gross spine motor control measures. Main effect p values are italicized, with crosses indicating the

results of a Kruskal-Wallis nonparametric ANOVA

Group Age (years) Height(m) Mass(kg) BMI (kg/mz) Movement Time (s) Total ROM (°) Thoracic ROM (°) Lumbar ROM (°)
All (n=51) 240+£33 1.80+£0.07 80.4+£11.0 24.843.5 14.0+5.8 82.94+13.0 33.6+10.3 51.1+10.7
Cluster 1 (n=15) 23.0+£29 1.82+£0.08 81.5+12.5 24.6+3.4 12.3+£3.3 85.2+10.5 35.349.1 51.1£9.2
Cluster 2 (n=12) 264+3.6 181+0.06 81.7£6.5 249+1.6 16.01+5.6 88.1+16.8 37.1+10.5 52.7£13.0
Cluster3(n=11) 229+3.1 1.80£0.06 82.5+14.0 25.5+4.9 15.6+9.0 83.0+7.1 35.2+6.6 50.6+5.5
Cluster4 (n=7) 239+25 176+0.06 747+7.8 242429 14.3+4.8 78.0+12.1 26.7+9.1 53.4+12.4
Cluster 5(n=6) 240+32 1.79+£0.09 77.9+11.7 2444438 10.7+£2.4 72.0£154 27.9+16.1 46.3+15.9
p-value .0354* .5016 .5926 .9409 1242% 1046 1294 .7823
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Table 4
Pairwise post-hoc intersegmental comparisons amongst k-means clusters (C1—C5). Differences during flexion are located to the left of the main diagonal.
Differences during extension are located to the right of the main diagonal. All significant differences (p<.005) for each intersegmental level are bolded, with

the timing (% of task cycle) of each regional difference in brackets.

C1 2 C3 c4 Cs
c1 - All p>.005 All p>.005 All p>.005 TIT2 (63—74%)
T2T3 (63—73%)
T3T4 (63—74%)
TAT5 (63—77%)
c2 All p>.005 - All p>.005 All >.005 C7T1 (66—78%)
TIT2 (63—78%)
T2T3 (63—78%)
T3T4 (63—81%)
T4T5 (63—84%)
L3L4 (76—81%)
L5S1 (76—79%)
c3 All p>.005 C7T1 (16—30%) - All p>.005 C7T1 (64—75%)
TIT2 (14-27%) T1T2 (64—73%)
T2T3 (13-27%) T2T3 (63—73%)
T3T4 (6-28%) T3T4 (63—76%)
T4T5 (6-28%) T4T5 (63—87%)
T5T6 (71-79%)
c4 C7T1 (29-37%) All p>.005 C7T1 (21-36%) - All p>.005
TIT2 (34—39%) T2T3 (32—36%)
T2T3 (33—39%) T3T4 (18—31%)
L4L5 2—11%) TAT5 (17-27%)
L5S1 3—14%) L2L3 (10—18%)
L3L4 (5-21%)
L4L5 (8—20%)
L5S1 (8—20%)
cs All p>.005 All p>.005 C7T1 (24—30%) All p>.005 -

T1T2 (25-33%)
T2T3 (31-33%)
T3T4 (30—35%)
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patterns in lower lumbar segments relative to C4. During
extension, C5 tends to have earlier extension in upper tho-
racic segments relative to C1, C2, and C3. Additionally, C5
demonstrated a delayed extension strategy in L5S1 relative
to C2.

Discussion

The purpose of the current work was to investigate the
range of multisegment movement timing strategies utilized
in the coordination of spine flexion-extension. It was
hypothesized that separate groups would be identifiable
within the study dataset, and that while these groups would
present with distinct spatiotemporal spine movement strate-
gies they would not be discriminable on the basis of partici-
pant demographic characteristics or gross spine motor
control measures. Overall, the findings support these
hypotheses.

Upon investigating the largest components of variation
in thoracic-lumbar CRP (Table | and Fig. 2), it was clear
that a range of motor strategies existed during the comple-
tion of spine flexion (ie PC1) and spine extension (ie PC2).
To capture these large components of variation, mean flex-
ion and extension CRP were used as input features for k-
means clustering. The optimal value for k£ was determined
to be k=5 which presented with both a high SC (0.58) and
number (1,783) of model iterations (Table 2 and Fig. 3).
Although no significant differences were observed between
k-means clusters regarding participant demographics or
gross spine motor control (Table 3), each cluster had signif-
icantly different thoracic-lumbar CRP waveforms (Fig. 4).
Furthermore, each cluster presented with distinct spatiotem-
poral intersegmental flexion-extension strategies (Fig. 5)
with the largest between cluster differences occurring in the
timing of upper thoracic (ie, C7—T1 through T5—T6) and
lower lumbar (ie, L2—L3 through L5—S1) motion segments
(Fig. 6 and Table 4).

The findings of the current work add to those within the
literature in a variety of ways. First, the current findings
suggest that thoracic-lumbar CRP measures have the capa-
bility to differentiate distinct spatiotemporal sequencing
strategies during spine flexion-extension. This expands on
the utility of CRP as a measure to examine the coordination
between absolute segment rotations of the thorax and pelvis
[33,34], or relative rotations between the lumbar spine and
lower limb joints [13,14,35]. Second, the results from the
current work agree with previous studies that have investi-
gated the spatiotemporal sequencing of spine motion. Previ-
ous research studies have suggested lumbar intervertebral
flexion-extension movement to be sequential [6], simulta-
neous [8,9] as well as a mix of both [7]. Similarly, in the
study of relative thoracic-lumbar flexion-extension timing,
thoracic motion has been shown to both precede and follow
lumbar motion [10]. Based on the current results, it is clear
that each of these spine motor strategies does exist. For
example, when comparing C3 and C4 clusters during spine

flexion the current findings suggest that thoracic motion
may both precede (C3) or follow (C4) lumbar motion; simi-
larly, lumbar motion can be both sequential (C3) or simul-
taneous (C4). These phenomena also exist during spine
extension. Third, the current results suggest that a wide
range of motor strategies exist, even within a homogenous
sample of young healthy adult males with comparable func-
tional capacities (ie, ROM). This finding is relevant, as
although functional evaluation of the spine has the potential
to support the identification of spine pathologies, it is
important to first ascertain an in-depth understanding of
normal kinematics.

Although the results of the current work demonstrate the
existence of distinct spine spatiotemporal flexion-extension
strategies, it is currently unclear why the given set of strate-
gies exist, or whether a given motor strategy is associated
with spine (dys)function or injury. Each of these questions
has potential avenues for future study. To investigate the
cause of the specific motor strategies observed here,
regional muscle activations may be examined using high
density surface electromyography [ie 36.,37]. Such an
approach would link the observed motor strategies with
regional neuromuscular activation patterns along seg-
mented (ie, innervations and lines of action) muscles such
as the erector spinae or multifidus. Further, to investigate
the relative risk for injury across motor strategies, the clus-
ters identified here could be tracked longitudinally and/or
investigated using a biomechanical modeling approach to
estimate biomechanical risk factors such as spine loading
[ie 38,39], or mechanical stability [ie 40].

The workflow developed and utilized within the current
study serves as a proof of principle, demonstrating that sep-
arate spine movement patterns can be distinguished using
thoracic-lumbar CRP and unsupervised machine learning
approaches such as k-means clustering. Machine learning
applications in biomechanics have received considerable
attention recently [17]; however, the use these approaches
rely on several mathematical postulates such as the selec-
tion of an input feature matrix (X), or number of clusters
(k) for k-means. For the current approach, CRP measures
were used as input features due to their strong track record
of distinguishing spatiotemporal movement patterns in
spine biomechanics when assessing the effects of back pain
[14], fatigue [15], age [34], and lifting technique [41].
Although these measures have shown promising findings
here, it is possible that different combinations of input fea-
tures will yield different clustering results, potentially cap-
turing different phenomena. Further, there has been a
considerable amount of debate surrounding phase space
normalization for CRP analyses, with some authors using
only time-normalization [42], others using the same phase
space normalization procedures used within the current
work [eg 18—20,29,30], and others suggesting the use of a
Hilbert transform to remove potential frequency artefacts
[28,43]. As recent findings have suggested against a supe-
rior methodological approach to discriminate between spine
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flexion-extension style movements [12], we utilized the
phase space normalization approach (Eq. 1), as this was the
most common approach used throughout the research litera-
ture. Additionally, we utilized PCA as a feature reduction
method and as a tool to include features capturing the larg-
est components of interindividual variability within the
dataset (eg, mean flexion and extension thoracic-lumbar
CRP). Finally, since the number of spatiotemporal sequenc-
ing strategies in the coordination of spine flexion-extension
is unknown, no a priori selection of k could be made. To
accommodate this uncertainty, we assessed the clustering
structure with different assignments of k and selected the
value objectively on the basis of each model’s SC, number
of model iterations, and distribution of the data throughout
each cluster (eg, avoiding the occurrence of a single partici-
pant being selected as the centroid for any given cluster).
Although we believe that each step of the current analysis
is supported by existing research literature, future research
will need to refine unsupervised machine learning
approaches for applications in spine biomechanics.

There are some limitations to consider when interpreting
the findings of this work. The first limitation concerns the
modest sample size (N=51) used in the current analyses.
Although this study identifies 5 specific clusters of spine
movement with reasonable clustering structure (SC=0.58),
and is within the range of sample sizes reported within the
literature [17], it is possible that, on the population level,
the clustering of participants in this way may not occur (ie,
different clusters may be present, or the data may be contin-
uous). A second limitation to consider is that, although the
clustering outputs identified here are supported by previous
works [eg 6—10], they could not be completely validated,
and are therefore limited to the selected analyses and ana-
lyzed movements. To validate the current findings, each
participant’s movement strategy would need to be identified
a priori. As this information was unknown, the current
methods for distinguishing separate motor strategies are
unsupervised (ie, are not based on any known validated
data labels). Because of this, the current analysis identifies
commonalities in the dataset, and clusters the data based on
self-similarities between data points. A strength of this
approach is the ability to highlight new, otherwise unfore-
seen trends within a dataset such as the variable spatiotem-
poral strategies to flex/extend the spine, even across a
homogenous sample of healthy males. This is something
that may be overlooked during the mean comparison of a
healthy functioning group to patient groups such as those
with lower back pain. The third limitation concerns the use
of a surface kinematic model to estimate the relative posi-
tion and orientation of the bony vertebrae. Due to the nature
of skin based-kinematic tracking, the locations and orienta-
tion of each vertebrae during the dynamic spine flexion-
extension tasks can only be approximated (ie, due to associ-
ated soft tissue artefacts). However, previous work has sug-
gested that surface markers can approximate vertebral
motion when the motion is in the sagittal plane [44], and

the kinematic model used here has been shown to be robust
to noise during spine flexion [27].

Conclusions

Even within a homogenous group of healthy young
males, spatiotemporal spine flexion-extension patterns are
not uniform. Five distinct motor strategies were identified
using thoracic-lumbar CRP and k-means clustering. During
flexion, some clusters tended to initiate flexion with lower
thoracic segments (i.e. C1, C2 and C5), whereas others ini-
tiated flexion with upper thoracic (C3) or lower lumbar
(C4) segments. During extension some clusters initiated the
movement through lumbar segments (ie, C2, C3, and C4)
whereas others initiated the movement with upper thoracic
segments (C5) or adopted a more simultaneous movement
strategy (C1). The largest between cluster differences in the
timing of movement occurred in upper thoracic (ie, C7—T1
through T5—T6) and lower lumbar (ie, L2—L3 through
L5-S1) regions (Fig. 6 and Table 4). Whether the spatio-
temporal movement strategies observed here are dictated
by specific regional muscular activation strategies or result
in altered injury risk are potential avenues for future study.
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