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Abstract

Stiff-Knee gait (SKG) commonly occurs in individuals after stroke, loosely defined as reduced peak knee flexion angle
during swing. The causes of SKG are multifaceted and debated. Further, clinical interventions have not been consist-
ently effective, possibly resulting from multiple undiagnosed subtypes of SKG. Thus, our primary goal of this study

is to explore the existence of potential subtypes associated with different levels of motor control complexity. We used
retrospective kinematics, kinetics and muscle activity from 50 stroke survivors and 15 healthy, age-matched controls
during treadmill walking. We used a time-series kernel k-means cluster analysis based on compensatory frontal plane
kinematics associated with SKG to separate participants into three groups, Cluster A (hip hiking, lowest knee flexion,
highest propulsion asymmetry, lowest gait speed), Cluster B (hip hiking and hip abduction, moderate knee flexion,
middle gait speed) and Cluster C (highest knee flexion, highest gait speed). The highest proportion of individu-

als with SKG as diagnosed by a clinician were in Cluster A, but with a substantial proportion in Cluster B, indicating
that these two clusters can be considered subtypes of SKG. Despite differences in kinematics and kinetics, we did

not observe fundamental differences in underlying motor control between clusters as determined by non-negative
matrix factorization of measured muscle activations. We conclude that the differences between clusters were most
likely attributed to the severity of gait impairment, as reflected by slower gait speed and propulsion asymmetry, rather

than being a different type of SKG.
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Introduction

Reduced knee flexion during gait following neuro-
logical injury such as stroke is very common, with esti-
mated prevalence between 25 and 75% of those with gait
impairments [1, 2]. Such reduced or delayed knee flexion
during the swing phase, which impairs effective ground
clearance and forward progression, is defined as Stiff-
Knee gait (SKG) [3]. Post-stroke SKG has been attributed
to various causes, including weakness of hamstrings [4],
hip flexors [5] and/or plantarflexors [1, 6], motor inco-
ordination [7, 8] and, most commonly, hyperreflexia of
the quadriceps [9]. The existence of different etiologies of
SKG could help explain the inconsistent results observed
from interventions, particularly chemodenervation of the
spastic quadriceps [10, 11]. Thus, identifying subtypes of
post-stroke SKG may help lead towards more appropriate
treatments.
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Post-stroke SKG may not be best explained solely by
its most visible manifestation, reduced knee flexion,
but rather by a complex interplay of multiple biome-
chanical gait parameters and underlying neural control
deficits. While reduced knee flexion is the hallmark of
SKG, earlier gait research in those with stroke and cer-
ebral palsy highlighted the impaired initial swing phase
characteristics, such as insufficient pre-swing knee flex-
ion velocity, inadequate hip flexion, and persistent toe
dragging [3, 12—-14]. Compensatory strategies to address
these impairments often involves distinct frontal plane
movements, including hip abduction, hip hiking (pelvic
obliquity), vaulting (contralateral foot rise) and pelvic
lag (paretic pelvic external rotation during swing) [12,
15-17]. These compensatory actions vary across individ-
uals, as some may be consciously controlled while others
occur involuntarily due to more extensive neuromuscu-
lar deficits. For instance, evidence suggests that excessive
hip abduction in post-stroke SKG may be linked to dis-
rupted motor coordination patterns [18, 19]. Studies have
highlighted that stroke survivors exhibit altered muscle
modules, which contribute to impaired swing-phase knee
flexion due to inappropriate muscle activation timing and
merging of distinct muscle modules [20-23]. This merg-
ing is likely stems from abnormal reflex pathway, such as
hyperexcitable reflex [24] and abnormal inter-joint cou-
pling [25]. A recent study identified two distinct patterns
in individuals with SKG compared to those without: syn-
ergy simplification and abnormal timing and activation,
emphasizing the combined impact of neuromuscular
deficits in SKG [26]. These findings suggest the poten-
tial existence of subtypes of SKG that stem from broader
neuromuscular deficits rather than isolated joint-level
dysfunctions, which could be differentiated by distinct
compensatory movement patterns.

Due to the growing evidence of the link between
muscle coordination patterns and SKG, our goal was to
investigate whether distinct subtypes exist of those with
reduced swing phase knee flexion angle after stroke. We
examined gait data from 50 individuals post-stroke and
15 healthy, age-matched controls. Instead of categorizing
these individuals by knee flexion angle, we categorized by
frontal plane motions using time-series kernel k-means
cluster analysis (i.e., we separated those post-stroke by
the effects of SKG). We then compared the kinemat-
ics, kinetics, EMG and corresponding muscle coordina-
tion parameters of these groups. We hypothesized that
(1) we would find multiple clusters of those with a high
proportion of SKG as defined by a clinician signifying
different subtypes, and (2) those subtypes would be dif-
ferentiated by muscle coordination patterns. This work
is a novel investigation into subtypes of post-stroke SKG,
which can lead to a more precise definition, or multiple
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definitions, of SKG that will better homogenize study
populations and lead to personalized treatments.

Methods

Data source

Motion capture, force and electromyography (EMG) data
were collected from 50 individuals post-stroke with hemi-
paresis (31 left hemiparesis, 31 males, 57.0+13.5 years)
and a control group of 15 healthy individuals (7 male,
54.5+8.7 years) during walking. Participants provided
informed written consent to the Institutional Review
Board approved protocol. Participants walked on a split-
belt instrumented treadmill (Bertec, Columbus, Ohio) at
their self-selected speed. Of those, 43 individuals post-
stroke also walked at their fastest possible speed. Prior to
data collection, participants practiced treadmill walking
to get comfortable with the experimental setup. Partici-
pants walked for at least 10 s to reach a steady-state walk-
ing pattern before each 30-s trial. Participants did not use
an assistive device or orthotics during the data collection.
Participants with severe ankle instability were allowed to
use an ankle brace on the paretic side to prevent injury.
The brace provided medial-lateral support but did not
restrict ankle dorsi- and plantarflexion. Motion capture
marker data were collected at 120 Hz using a 12-camera
motion capture system (PhaseSpace, San Leandro, CA)
with a modified Helen Hayes marker set using 65 active
markers. EMG data were collected (Motion Labs, Cort-
landt, NY) at 1000 Hz from bilateral electrodes placed on
the medial gastrocnemius (GAS), soleus (SOL), tibialis
anterior (TA), vastus medialis (VA), lateral hamstrings
(LH), medial hamstrings (MH), rectus femoris (RF), and
gluteus medius (GM). EMG data were high-pass filtered
at 40 Hz, demeaned, rectified and low-pass filtered at
4 Hz. For each muscle, the filtered signal was normalized
to its mean value of EMG envelope during each trial to
reduce inter-individual variability [27]. Ground reaction
force (GRF) data were measured by an embedded force
plate in a split-belt treadmill and low-pass filtered at
15 Hz. Joint kinematics, body kinematics, and joint kinet-
ics were calculated with the kinematics and dynamics
solver within OpenSim 4.3 [28]. All synchronized time-
series biomechanical gait data were divided into strides
by a paretic limb heel-strike event using vertical GRFs
and expressed as a percentage of the cycle time. Eight
strides per participant were randomly selected from 30-s
treadmill walking trials for further analysis.

We employed clinical diagnosis by an expert clini-
cian (RKL) on post-stroke SKG as our baseline labels.
We generated 3D animations with four different cam-
era view angles from the motion captured data using
OpenSim software. The expert clinician then reviewed
these anonymized animated videos to diagnose whether
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subjects exhibited post-stroke SKG. Table 1 summarized
participants’ demographics, walking speed and diagnosis.

Multivariate cluster analysis

Gait features associated with compensatory strategies

In this multivariate clustering, we based our analysis on
the parameters specifically associated with supposed
frontal-plane compensatory strategies following stroke.
As multivariate clustering inputs, we used paretic pel-
vic obliquity, paretic hip abduction, and non-paretic hip
abduction, which are all major components of hip cir-
cumduction and upward pelvic hiking following stroke.
The underlying philosophy of the multivariate cluster-
ing was to define SKG based on motions associated with
SKG, but not using disability-specific characteristics,
such as knee flexion to avoid a bias towards this param-
eter. Individuals may compensate to reduced knee flexion
in different ways; our goal was to classify these individu-
als based on those differences.

Time series K-mean clustering

Most gait biomechanics studies analyze kinematic data
by focusing on discrete events, such as joint angles at
key gait phases, and extracting descriptive statistics like
peak angles and range of motion. However, these tradi-
tional approaches rely on a priori feature selection, often
discarding substantial kinematic data that may contain
critical information about between-group differences
[29]. Time-series analysis provides significant advantages
over conventional methods by preserving the temporal
dynamics of gait data, enabling the detection of subtle
variations and patterns that might be overlooked when
data is discretized [30]. To leverage these benefits, we
implemented a time-series kernel k-means algorithm
with a global alignment kernel for clustering. The kernel
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k-means [31] is an extension of the standard k-means
algorithm using a kernel function for a distance/similar-
ity computation to overcome the limiting assumption of
linearly separable clusters. The global alignment kernel
[32] enables use in a time-series context, which accounts
for holistic pattern changes in time-series signals. In
this work, we used a publicly available Python package,
tslearn [33], to implement the aforementioned time-
series kernel k-means clustering with multivariate inputs.

The number of clusters to be tested from the sample
population was determined using inertia and silhouette
scores. The inertia score is a measure of cohesion defined
by the sum of squared distance of samples to their clos-
est cluster center. The silhouette score is calculated using
the mean intra-cluster distance and the mean nearest-
cluster distance taking both cohesion and separation into
account [34]. A relatively low inertia and high silhouette
score indicate good quality clustering. Through the elbow
method [35] with these two measures, we determined the
number of clusters that are supposed to be in the sample
population.

Outcome measures
Output clusters were analyzed with respect to represent-
ative gait patterns in those with post-stroke SKG, includ-
ing gait speed and peak swing phase knee flexion angle.
Time-course joint kinematics and kinetics in the sagittal
and frontal plane were examined simultaneously. We also
analyzed propulsive asymmetry as a measure of paretic
limb function [36]. Muscle coordination was quanti-
fied using (1) timing of individual muscle activation sig-
nals, (2) module number and composition, and (3) the
Dynamic Motor Control Index (DMCI) [37].

Module number and composition are calculated from
non-negative matrix factorization (NNMF) of filtered

Table 1 Summary of participants demographics, walking speed, and SKG labeled by a clinical expert

Healthy SKG Non-SKG
Age 545+87 528+15.1 596+114
Height (cm) 1619+£7.2 166.2+£9.2 163.1£10.5
Weight (kg) 868+123 864+153 9544206
Gender (Female/Male) 8/7 7/17 12/14
Paretic Side (Left/Right) N/A 11/13 8/18
Overground Walking Speed (m/s) N/A 061+0.27 0.89+0.29
Comfortable Walking Speed (m/s) 0.73+0.22 032+0.18 046+0.21
Fastest Comfortable Walking Speed (m/s) 1444028 0.54+0.30 0.73+0.34
6-Minute Walk Test (m) N/A 276.8+142.7 3425+£111.2
Fugl-Meyer Assessment N/A 20.6£5.7 252450
Dynamic Gait Index N/A 159+32 17.3+37
Berg Balance Scale N/A 474+49 505+4.8
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EMG data from all 8 muscles on the paretic leg as pre-
viously described [7]. NNMF computes muscle weights
(W) and their corresponding time-varying activations
(H). This process was repeated through iterative optimi-
zation, starting with random initial estimates of W and
H, and selecting the matrices that minimized the sum
of squared errors between the activations predicted by
WxH and the EMG data. NNMF also identified the
minimum number of muscle modules required to explain
more than 90% of the EMG variability, along with the
weighted contribution of each muscle to each module.
The variance in EMG data accounted for (VAF) by n
modules is calculated as one minus the ratio of the sum
of squared errors (SSE) and the total sum of squares of
the EMG data (SST) calculated across the 101 points of
the gait cycle, denoted as:

SSE  |[EMG — W x H|?
VAF=1-— = )

SST IEMG|?

1)

We used DMCI in walking as a quantitative measure
of motor control complexity. For instance, high DMCI
represents a better motor control, coordination, and sta-
bility. It was derived using NNMF, with the total num-
ber of allowable muscle modules constrained to one. By
limiting the number of modules to one, it minimized the
influence of pre-processing techniques and cutoff crite-
ria, which can yield inconsistent results in the number
of identified muscle modules. Consequently, the DMCI
holds significant potential as a robust summary metric
for evaluating muscle co-activation patterns during walk-
ing [38]. DMCl is defined as:

avgVAFS! — VAFE?
DMCI = 100 + 10 @)

std VAF{!!

where VAfoP represents the VAF of the one-synergy
solution for each individual in the experimental groups
(i.e., clustered post-stroke groups in this study), and
avgVAF IC” and std VAF ICtl denote the average and stand-
ard deviation of the VAF for one-synergy solution of the
healthy control group, respectively.

We examined the types of merged coordination pat-
terns using module composition or the W matrix from
the NNMF solution for each participant with 3 modules
within clusters. These patterns were identified by corre-
lating the muscle module weightings (i.e., W matrix) of
each participant with those of unimpaired individuals,
based on previously reported modules in unimpaired
adults [7, 8, 23]. We also examined changes in mod-
ule composition by comparing module weightings (W
matrix) and timing curves (H matrix) from a 4-module
fixed solution.
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Statistics

We employed statistical parametric mapping (SPM)
analysis to examine differences between clusters of one-
dimensional time-series data. SPM can perform linear
statistical testing (i.e., t-test, ANOVA, etc.) for time-
series signals. Because SPM does not require assumptions
and abstraction of signals dependent on the spatiotempo-
ral foci of signals, it provides apparent and intuitive sta-
tistical results described in the original sampling space
[30]. In this study, we performed SPM one-way ANOVA
to compare clustered post-stroke gait patterns. As a part
of post hoc analysis, we applied a pairwise two-tailed
t-test with Bonferroni correction using SPM. SPM one-
way ANOVA and its post hoc analyses were completed
by an open source SPM1D package (http://www.spm1d.
org/) [39] using Python version of 3.8.10.

To examine relationships and interactions of other
discrete outcome measures (e.g., gait speed, propulsive
asymmetry, number of motor modules) according to
clusters, we used a linear mixed model and post hoc anal-
ysis using pairwise t-test with Bonferroni correction. A
linear mixed model and multiple comparisons were done
by Statsmodels package in Python [40].

Results

Outcomes suggested that 3 clusters were the best rep-
resentation of the sample given the feature set. Figure 1
represents inertial and silhouette measures across a vary-
ing number of clusters to determine an optimal number
of multivariate clusters. At 3 clusters, the inertia measure
showed a relatively low decrease rate to the next number
while the silhouette score was the highest. As a result, a
total of 50 post-stroke individuals were separated into
three clusters denoted as A (n=14), B (n=23), and C
(n=13). Based on the baseline label by clinical expert,
10 individuals in Cluster A, 10 individuals in Cluster B,
and 4 individuals in Cluster C were diagnosed as a post-
stroke SKG.
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Fig. 1 Inertia and silhouette score changes for varying numbers
of clusters. Lower inertia and high silhouette score indicate better
quality of clusters
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Gait speed and the peak knee flexion angle

Comparing between clusters and healthy controls, with
the random intercept and slope model using a linear
mixed model, we found significant differences in self-
selected walking speed (p=0.16, t=6.83, p<0.001).
Similarly, the peak swing-phase knee flexion angle exhib-
ited significant group differences (p=11.05, t=7.83,
p<0.001). Figure 2 visualizes post hoc test results
between pairs for these outcomes. We observed incre-
mentally increased walking speed and knee flexion angle
with each cluster group and controls (i.e., A lowest,
healthy controls highest). However, we did not find a sta-
tistically significant difference between Cluster B and C
in either outcome measure (p > 0.05).

Compensatory parameters

Commonly known compensatory motions following
stroke, such as hip hiking, hip circumduction, and con-
tralateral ankle vaulting were examined based on four
kinematic profiles (i.e., paretic pelvic obliquity, paretic hip
abduction, non-paretic hip abduction, and non-paretic
ankle plantarflexion) by using SPM one-way ANOVA
(Fig. 3) and post hoc multiple comparisons (Table 2).
We observed statistically discernible patterns of pelvic
motions (45.05-98.19% gait cycle, F*=5.316, p<0.001),
paretic hip abduction motions (70.57-83.25% gait cycle,
F*=5.407, p<0.05), and non-paretic hip abduction
motions (40.414-93.54% gait cycle, F*=5.439, p<0.001).
There were no significant differences in non-paretic ankle
motion. Note that F* denotes a critical threshold for SPM
one-way ANOVA, equivalent to F-statistic. Specifically,
people in Cluster A had 6.74° more peak pelvic obliquity
than Cluster B, 8.48° more than Cluster C, and 8.81° more
than in healthy controls. Cluster A initiated hip hiking in
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the pre-swing phase, but Cluster B initiated hip hiking in
the swing phase. Cluster A had 6.94° less peak hip abduc-
tion than healthy controls (p<0.001). Like pelvic obliq-
uity, individuals in Cluster A exhibited 7.42° greater peak
non-paretic hip abduction compared to Cluster B, 8.88°
more than Cluster C, and 8.77° more than healthy con-
trols. A summary of statistical comparisons between all
groups is shown in Table 2.

Sagittal plane joint kinematics and kinetics differed
between clusters. Figure 4 illustrates SPM one-way
ANOVA results on the sagittal-plane joint kinemat-
ics and kinetics. We observed differences in pre-swing
hip flexion angle (50.56-71.86% gait cycle, F*=4.970,
p=0.032), mid-stance hip moment (24.11-39.19% gait
cycle, F*=6.690, p<0.001), and pre-swing hip moment
(44.45-60.59% gait cycle, F*=6.690, p<0.001). Indi-
viduals in Cluster A had 18.65° less peak hip extension
than Cluster B and 20.25° less than healthy controls in
pre-swing. Cluster A had reduced peak hip extension
moment, 28.60 Nm/kg less than Cluster B and 22.62 Nm/
kg less than controls. People in Cluster A had 18.41° less
peak knee flexion than Cluster C and 29.31° less peak
knee flexion than controls. Cluster B had 22.12° less
peak knee flexion than controls, but no significant dif-
ference between each other clusters. We observed differ-
ences in knee flexion moment (52.26-57.08% gait cycle,
F*=6.825, p <0.05), with individuals in Cluster B exhibit-
ing 22.46 Nm/kg less than healthy controls. Ankle plan-
tar flexion moment (44.83-63.56% gait cycle, F*=7.064,
p<0.001) showed differences, with individuals in Clus-
ter A walking with 47.94 Nm/kg lower plantar flexion
moment compared to healthy controls, and those in
Cluster B with 36.08 Nm/kg less than controls. No sig-
nificant differences in these parameters were observed
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Fig. 2 Post hoc multiple comparisons for the self-selected gait speed (a) and the peak swing-phase knee flexion angle (b) across clusters
by pairwise t-test with Bonferroni correction. Statistical significance denoted by *** (p <0.001), ** (p < 0.01), * (p <0.05), and n.s. (not significant)
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Fig. 3 Cluster-based SPM One-way ANOVA of compensatory
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The thick solid and shaded areas are average and standard deviations
of each group, respectively. Thin solid lines in backgrounds represent
individual data. Left and right vertical dashed lines indicate
contralateral heel strike (CHS) and ipsilateral toe-off (ITO) events,
respectively. The gait cycle is based on the paretic limb's heel strike
(0%)
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between people in Cluster C compared to people in Clus-
ter B or healthy controls. Post hoc multiple comparisons
are summarized in Tables 3 and 4.

Propulsive asymmetry

Using the random intercept and slope model of a linear
mixed model, we found significant differences in the pro-
pulsive asymmetry (B=— 7.494, t=— 5.267, p<0.001).
Cluster A had significantly higher asymmetry compared
to Clusters B, C, and healthy controls (Fig. 5). There were
no significant propulsive asymmetry differences among
Clusters B, C, and healthy controls.

Muscle activity

There were differences observed in muscle activity.
Vastus medialis (24.74—41.09% gait cycle, F*=6.728,
p<0.001) and lateral hamstrings (11.27-40.10% gait
cycle, F*=6.737, p<0.001) showed differences between
clusters during mid-stance (Fig. 6). Specifically, people in
Cluster A and C had a greater vastus medialis activation
than heathy controls. In lateral hamstrings, individuals in
Cluster A had greater EMG activity than those in Clus-
ter B, Cluster C and healthy controls. All other muscles’
activation patterns were different from healthy controls,
but there were no significant differences between clus-
ters. Post hoc multiple comparisons for vastus medialis
and lateral hamstrings muscle activation are summarized
in Table 5.

Module analysis

We anticipated that clusters would differ in terms of mus-
cle coordination. These coordination patterns, or mus-
cle modules, can be revealed using non-negative matrix
factorization of muscle activity [41]. Healthy individuals
typically walk with four different modules. In compari-
son, the post-stroke individuals used between two and
four modules, as shown in Fig. 7. Most post-stroke indi-
viduals in Cluster A had two or three modules (13 out
of 14), with only one person exhibiting four modules. In
contrast, most individuals in Cluster B had three or four
modules (21 out of 23). Unlike other clusters, no individ-
uals in Cluster C exhibited two modules.

We denoted the following merged patterns among
individuals with three modules, the first type, where hip
abductors, hip/knee extensors, and ankle plantar flex-
ors muscle groups were merged, [8, 23] is denoted as
3M-MS1. The second type, where hip abductors, hip/
knee extensors, and hamstrings muscle groups were
merged [8, 23], is denoted as 3M-MS2. The third type,
where hip flexors, ankle dorsiflexors, and knee flexors
muscle groups were merged [23], is denoted as 3M-MS3.
Any patterns that did not fit these categories were
denoted as Not Classified (NC). The merged module
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Table 2 Summary of between group post hoc comparisons based on compensatory motions
Comparison Paretic Paretic Non-paretic
Pelvic obliquity angle [°] Hip Abd/Add Angle [°] Hip Abd/Add Angle [°]
A-B 6.74[3.61,9.88]*** - 742 [4.47,1038]***
(44.03, 84.94)% gait cycle (38.56, 85.68)% gait cycle
A-C 8.48[4.04,1291]* - 8.88[4.48, 13.29]*
(71.83,90.16)% gait cycle (69.04, 88.84)% gait cycle
A-Ctl 8.81[5.93, 11.68]*** —6.94 [-9.55, — 4.34]* 877 [6.01, 11.53]***
(46.85, 97.53)% gait cycle (68.17, 83.28)% gait cycle (38.84, 90.04)% gait cycle
B-C - - -
B-Ctl 431 [244,6.18]** - -
(70.57,92.51)% gait cycle
[ - - -

Post hoc analyses were conducted using SPM two-tailed t-tests with Bonferroni correction, solely for motions during the pre-swing and swing phases. Mean
difference, 95% confidence interval, and % gait cycle used for post hoc analysis described in the table

Statistical significance denoted by * (p <0.05), ** (p <0.01), *** (p<0.001)
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Fig. 4 The between-group comparisons of sagittal plane joint kinematics (a) and kinetics (b). The left column represents sagittal plane kinematics,
and the right column represents sagittal plane kinetics. Statistics derived from SPM One-way ANOVA. Thin solid lines in backgrounds represent
individual data. Left and right vertical dashed lines indicate contralateral heel strike (CHS) and ipsilateral toe-off (ITO) events, respectively. The gait
cycle is based on the paretic limb's heel strike (0%)
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Table 3 Summary of post hoc between-group comparisons for
sagittal plane joint kinematics

Comparison Paretic Hip Paretic Knee
Flex/Ext Angle [°] Flex/Ext Angle [°]
A-B 18.65[7.59,29.71]* -
(55.91,69.82)% gait cycle
A-C - —1841[-27.70,—9.11]*
(73.41,79.86)% gait cycle
A-Ctl 20.25[9.25,31.26]* — 2931 [-35.26, — 23.36]***
(54.98,67.45)% gait cycle  (66.40, 91.18) %gait cycle
B-C - -
B-Ctl - —21.60 [-27.96, — 15.25]***
(71.31,92.00)% gait cycle
c-Ctl - —17.62 [~ 26.94, — 8.30]*

(75.13, 84.25)% gait cycle

Post hoc analyses were conducted using SPM two-tailed t-tests with Bonferroni
correction, solely for motions during the pre-swing and the initial swing phases.
Mean difference, 95% confidence interval, and %gait cycle used for post hoc
analysis described in the table

Statistical significance denoted by * (p <0.05), ** (p < 0.01), and *** (p < 0.001)

types according to clusters, which matched previously
reported patterns [7, 8, 23], are described in Fig. 7. In
addition to the number of modules, we examined their
composition (Figure S1) and the dynamic motor control
index (DMCI) Table S1. We did not observe any differ-
ences between clusters (Linear Mixed Model, p>0.05) in
module number, module composition, or DMCI.

Subset analysis based on clinically diagnosed SKG

We hypothesized that differences between clusters would
be highlighted when we separated the participants diag-
nosed with SKG from the others. We performed the same
analyses with all outcome measures on this subset. Fig-
ures S2—-S6 summarize the findings. We did not observe
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any significant differences between this subset and the
overall group of stroke participants; however, significant
differences were found when compared to the healthy
control group.

Discussion

People with post-stroke SKG vary in etiologies and adap-
tations to their disabilities. Our goal was to determine
out of a cohort of 50 post-stroke individuals whether
there were different subtypes of SKG. We hypothesized
that kinematics, kinetics, and muscle activity data would
reveal these subtypes through time series cluster analysis,
focusing on typical frontal plane compensatory motions.
This contrasts with previous cluster studies, which pri-
marily concentrated on sagittal plane musculature [7, 8,
23] or sagittal plane kinematics [42]. We found two of
three clusters contained a higher proportion of people
diagnosed with SKG, and these clusters showed differ-
ences in kinematics and kinetics from each other. How-
ever, both EMG time course analysis of muscle activity
and module analyses with non-negative matrix factoriza-
tion did not support the hypothesis that there were dif-
ferent coordination patterns between clusters. Thus, our
evidence does not refute the simplest explanation that
kinematic differences between clusters may represent
variations in muscle coordination patterns, but are more
likely related to impairment severity, as indicated by dis-
tinct propulsion asymmetry and gait speed.

Of our cohort of 50 post-stroke individuals, we found
three different clusters characterized by differences in
knee flexion angle, compensatory motions, and impair-
ment level. We separated clusters using time-series data
of the frontal plane compensatory motions (i.e., the com-
pensation to SKG), rather than knee flexion kinematics to
avoid bias towards that parameter. We found that despite

Table 4 Summary of post hoc between-group comparisons for the sagittal plane joint kinetics

Comparison Paretic Hip Paretic Knee Paretic Ankle Dorsi/

Flex/Ext Moment [Nm/kg] Flex/Ext Moment [Nm/kg] Plantar Flex Moment
[Nm/kg]

A-B —2860 [—41.52,— 15.68]*** - -
(22.03, 58.10) % gait cycle

A-C - - -

A-Ctl — 2262 [-32.19, - 13.05]*** - 47.94 [34.37,61.51]*%*
(52.44,63.41) % gait cycle (43.59, 62.88) % gait cycle

B-C - - -

B-Ctl - — 2246 [-32.12,— 12811 36.08 [22.58, 49.59]***

(48.31,58.18) % gait cycle (53.29, 62.12) % gait cycle
C-Ctl - - -

Post hoc analyses were conducted using SPM two-tailed t-tests with Bonferroni correction, solely for motions during the pre-swing and the initial swing phases. Mean
difference, 95% confidence interval, and %gait cycle used for post hoc analysis described in the table

Statistical significance denoted by * (p <0.05), ** (p < 0.01), and *** (p < 0.001)
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Fig. 5 Post hoc between-group comparisons for propulsive
asymmetry by pairwise t-test with Bonferroni correction. Statistical
significance denoted by *** (p <0.001), ** (0 <0.01), * (p < 0.05),
and n.s. (not significant)

excluding knee flexion angle in the clustering algorithm,
the clusters could still clearly discriminate knee flexion
angle and gait speed from each other. This result suggests
that frontal plane motions can be used to distinguish
between classes of post-stroke SKG, which are associated
with functional ability. While our study did not include
clinical outcome measures based on kinematic clusters as
seen in a recent study [42], we did observe significant dif-
ferences in paretic limb propulsion and gait speed, both
of which are related to functional ability [36, 43].
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Cluster A exhibited the highest level of impairment
with low gait speed and high propulsion asymmetry. Peo-
ple in this cluster walked with greater pelvic obliquity
(hip hiking), stance-phase co-contraction of the muscles
around the knee, and very low knee flexion angle. Earlier
work classified post-stroke gait based on muscle activa-
tion patterns. For instance, based on lower extremity
EMG profiles, Knutsson and Richards found three types
of disturbed motor control in post-stroke gait: Type
I (premature activation of the calf muscles in early and
mid-stance), Type II (no or weak activity in two or more
muscles), and Type III (coactivation of major muscle
groups) [44]. Shiavi and colleagues further classified Type
III gait into two subgroups: one with quadriceps and
hamstring coactivation during stance (Type III-S) and
the other during the transition periods (Type III-T) [45].
Inappropriate stance-phase hamstrings activation of the
affected side, observed in Cluster A, was similar to Type
III-S. It has been suggested that Type III-S gait is com-
pensating for a diminished ankle plantarflexor moment
with stance phase hip extensor moment or forward
postural lean [46]. Prolonged activity of the hamstrings
and coactivation around the knee joint could be consid-
ered as a merged muscle coordination pattern from hip
abductors, hip/knee extensors and hamstrings [8, 23,
47], which is denoted as MS2 in Fig. 7. Indeed, our data
is consistent with this hypothesis, showing excessive hip
extensor moment during stance in Cluster A (Fig. 4 and
Table 4). Additionally, early pre-swing initiation of pelvic

A (14)
B (23)
C(13)
Ctl (15)

A.U.

1
| . i 1‘
0 25 50 75
% Gait Cycle

 —
100 O 25 50 75
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100 0 25 50 75
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100
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Fig. 6 Cluster-based SPM One-way ANOVA of EMG activity. RF: rectus femoris; VA: vastus medialis; LH: lateral hamstrings; MH: medial hamstrings;
GM: gluteus medius; GAS: medial gastrocnemius; SOL: soleus; TA: tibialis anterior. Thin solid lines in backgrounds represent individual data. Left
and right vertical dashed lines indicate contralateral heel strike (CHS) and ipsilateral toe-off (ITO) events, respectively. The gait cycle is based

on the paretic limb's heel strike (0%)
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Table 5 Summary of post hoc between-group comparisons of

EMG activity
Comparison Paretic Paretic
Vastus medialis EMG Lateral hamstrings EMG
[A.U.] [A.U.]
A-B - 0.59 [0.36, 0.82]***
(16.10, 28.18)% gait cycle
A-C - 0.62 [0.36, 0.89]***
(16.32,29.17)% gait cycle
A-Ctl 0.78 [0.50, 1.05]*** 0.89 [0.69, 1.09]***
(23.44, 40.34)% gait cycle (11.30, 40.63)% gait cycle
B-C - -
B-Ctl 0.53[0.32, 0.74]*** 0.56[0.32,0.81]**
(27.89,42.51)% gait cycle (13.29,22.81)% gait cycle
045 [0.28, 0.62]**
(31.13,40.03)% gait cycle
c-Ctl - -

Post hoc analyses were conducted using SPM two-tailed t-tests with Bonferroni
correction. Mean difference, 95% confidence interval, and % gait cycle used for
post hoc analysis described in the table

Statistical significance denoted by * (p <0.05), ** (p < 0.01), and *** (p < 0.001)

obliquity is often used to improve balance [46]. This early
hip hiking characterizes Cluster A. Cluster A was primar-
ily composed of those diagnosed with SKG (10 out of 14).
They were the most impaired, as evidenced by the lowest
gait speed, knee flexion, modules, and the highest pro-
pulsion asymmetry. Cluster B, on the other hand, exhib-
ited greater gait speed and better propulsion asymmetry
than Cluster A. People in this group walked with large
hip hiking and hip abduction motions in swing, exces-
sive quadriceps activation during stance, and reduced
swing knee flexion angle compared to healthy controls.
The characteristics of this cluster were similar to the pre-
viously reported combination of modules, denoted as
MS1 in Fig. 7. This combined pattern was characterized
by opposing functions, such as prolonged braking and

Number of Subjects

2 3 4
Paretic Module Number

(a)
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early propulsion, resulting in an altered paretic leg swing.
Excessive quadriceps activity during stance, coupled
with soleus and gastrocnemius activation, would cause
insufficient foot clearance, leading to a combination of
hip hiking and hip abduction [8]. Fyjita and colleagues
recently reported the muscle module characteristics in
post-stroke individuals. They identified the same altered
muscle modules, MS1 and MS2, observed in this study,
within their post-stroke SKG group [26].

Cluster B may be associated with quadriceps spastic-
ity, or more specifically, hyperreflexia. Our previous work
observed hip abduction in a small cohort diagnosed with
SKG and applied robotic knee flexion perturbations dur-
ing walking [18]. We found that assistance increased hip
abduction instead of the hypothesized drop of the sup-
posed compensatory motion. Our later analysis revealed
that the robotic assistance likely evoked a spastic quadri-
ceps response, and this response was coupled with hip
abductor activation [19]. In a new group of post-stroke
SKG individuals, we found that quadriceps reflex excit-
ability was highly correlated to knee flexion kinematics
[9]. Even though there were similar levels of knee flexion
between those post-stroke and healthy individuals, only
post-stroke individuals exhibited excessive hip abduction,
suggesting a neural basis for an ostensible compensation.
Further work would need to be conducted to conclude
whether Cluster B is reflective of this phenomenon and
correlated with quadriceps hyperreflexia.

People in Cluster C had reduced propulsion and ham-
strings activity compared to healthy controls, but knee
flexion and all other parameters were closest to healthy
controls of the clusters. While Clusters A and B con-
tained the majority of those diagnosed with SKG, Cluster
C still contained 3 out of 14. Since individuals in Clus-
ter C had the highest knee flexion angle, it is not surpris-
ing that they were clustered with the lowest amount of

8 o
OJJ BZ NN

3M-MS1 3M-MS2 3M-MS3 NC

Merged Synergy Type

(b)

Fig. 7 Breakdown of number of muscle modules per post-stroke participant (a) and merged synergy type in those with three modules (b).

Cross-hatched portions indicate non-SKG participants
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frontal plane compensatory motions. The definition of
SKG is vague, but literature is converging towards knee
flexion angle below 45° [48, 49], which encompasses a
large range of people with post-stroke gait impairments.
Our recommendation is to have more specific, function-
ally relevant definitions of SKG to obtain better consist-
ency between studies.

One of the most interesting results is the lack of
observed differences in muscle coordination patterns
between clusters. We expected that individuals with
measurably different walking patterns would exhibit
distinct muscle coordination patterns. However, our
analysis did not reveal strong statistical significance in
the differences in muscle coordination patterns between
clusters. We interpret this null finding to three non-
exclusive possibilities: first, that while we recorded from
8 different major muscles, primarily in the sagittal plane,
we might have observed coordination differences if
other muscles were recorded, particularly trunk muscles
responsible for pelvic obliquity. Second, it may be that
the lack of observed difference in coordination patterns
between clusters means that the differences between
SKG-based clusters are based on differences in dynam-
ics necessitated by the severity of impairment rather than
a different coordination pattern. Third, we may not have
examined a sufficient sample size to detect significant dif-
ferences between the clusters.

The findings from this study have no bearing on the
causes of SKG, but rather the characterization. Certain
limitations need to be considered when interpreting
the results. For example, although we examined 50 par-
ticipants this number may still be insufficient to general-
ize the findings to the entire population of people with
stroke. Circumduction was based on joint angles rather
than lateral foot displacement [50], which could result
in slightly different observations compared to other con-
temporary studies. We also relied on a single clinical
expert rather than a group of experts. Although the SKG
diagnosis might have differed with multiple experts, the
absence of a true gold standard suggests that these varia-
tions in diagnosis may not be substantial.

The novelty of this work lies in two aspects: (1) the
use of time-series cluster analysis to identify distinct
subtypes of individuals with post-stroke SKG without
losing critical information, and (2) the classification
of these subtypes based on the effects of SKG, com-
pensatory movements resulting from reduced knee
flexion. Classifying and characterizing these subtypes
may help improve treatment approaches, standard-
ize research methodologies, and uncover the reasons
behind treatment non-responsiveness, ultimately lead-
ing to more effective and personalized healthcare solu-
tions. Furthermore, incorporating advanced computer
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vision-based motion analysis techniques in future
research could enable our clustering framework to
serve as a foundation for developing more accessible
diagnostic tools beyond traditional gait biomechanics
laboratory settings.

Conclusion

In this study, we examined kinematics, kinetics and mus-
cle activity of 50 post-stroke individuals, some of whom
were clinically diagnosed with SKG. Since SKG may arise
from different causes and people may compensate for the
disability in multiple ways, we hypothesized that there
are different subtypes of SKG. Our time-series cluster
analysis based on gait compensations resulted in 3 clus-
ters, 2 of which could be considered different subtypes:
one type, with the slowest gait speed, relying mostly on
pelvic obliquity, and another type, with faster gait speed,
using a combination of pelvic obliquity and hip abduc-
tion. The subtypes are consistent with gait patterns found
in previous work. We hypothesized that these groups
would show differences in underlying motor coordina-
tion, but our evidence does not support this finding. The
differences between clusters would be most likely due to
different levels of gait impairment. We recommend more
specific definitions of post-stroke SKG and more work to
determine differences in underlying causes, rather than
being a different type of SKG.
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