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The better understanding of the complex mechanism between neural motor control and its resulting joint kinematics and
muscle forces allows a better elucidation of the mechanisms behind body growth, aging progression, and disease development.
This study aimed at investigating the impact of movement-based structure-modifying treatment strategies on joint kinematics,
muscle forces, and muscle synergies of the gait with instrumented implant. A patient-specific musculoskeletal model was used to
quantitatively assess the deviations of joint andmuscle behaviors between the normal gait and 4 gait modifications (bouncy, medial
thrust, midcrouch, and mtp (i.e., gait with forefoot strike)). Moreover, muscle synergy analysis was performed using EMG-based
nonnegative matrix factorization. Large variation of 19 degrees and 190N was found for knee flexion/extension and lower limb
muscle forces, respectively. EMG-based muscle synergy analysis revealed that the activation levels of the vastus lateralis and tibialis
anterior are dominant for the midcrouch gait. In addition, an important contribution of semimembranosus to the medial thrust
and midcrouch gaits was also observed. In fact, such useful information could allow a better understanding of the joint function
and muscle synergy strategies leading to deeper knowledge of joint and muscle mechanisms related to neural voluntary motor
commands.

1. Introduction

Accurate simulation of the human dynamics movement is
one of the most challenging research topics in the last two
decades in the biomechanics field. Most of the research
projects focused on the in vivo estimation of joint kinematics
and muscle forces during motion [1–6]. Such information
could be of great clinical interest to objectively evaluate
the mechanical functions of the musculoskeletal system in
normal as well as in pathological conditions [7–9]. In the
case of orthopedic device prescription especially, the joint
kinematics and muscle force information could allow an
optimal design to be performed leading to maximizing
the benefit of the involved patient [10, 11]. In addition,
structure-modifying treatment modalities such as voluntary
gait modification strategies have been studied to alter the
medial knee joint load leading to decreasing the external
knee adduction moment (KAM) [12–14]. This conservative
nonpharmacologic management allows symptoms or disease

progression to be alleviated for degenerative joint disorders
such as osteoarthritis (OA).

A recent review study [15] showed kinetic and kinematic
changes by using some gait modifications such as increases
of step width or cadence or knee flexion or mediolateral
trunk lean or weight transfer to the medial foot or hip
internal rotation or toe-out or speed as well as reductions of
vertical acceleration and initial contact or stride length or toe-
off or speed or using gait aids (e.g., ipsilateral/contralateral
cane) and applications of specific gait patterns (medial knee
thrust or Tai Chi gait). These gait modifications have shown
their efficiencies in the management of knee joint disease. In
fact, the use of contralateral cane and the increase of trunk
lean lead to reducing the early-stance KAM. Besides, the
increase of toe-out modification leads to reducing the late-
stance KAM. Particularly, the medial knee thrust gait altered
dynamically knee alignment and thusKAM lever arm leading
to the reduction of KAM during gait cycle. Despite their
great potentials, further investigation is needed to elucidate
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Table 1: Description of normal gait and gait modification strategies.

Gait modifications Description Marker’s number Trial name: gait cycle times (start > end)
(time in sec)

Ngait Normal gait 56 Ngait og1: 1.699 > 2.811 (1.112)

Bouncy Increased superior-inferior
translation of the pelvis 52 Bouncy1: 2.066 > 3.214 (1.148)

Medial thrust Internally rotated hip of the stance
leg 52 Medthrust2: 2.415 > 3.571 (1.156)

Midcrouch Crouched position with a mild
increase in knee flexion angle 56 Mildcrouch1: 10.822 > 11.901 (1.079)

Mtp Gait with forefoot strike 52 Mtpgait2: 2.276 > 3.421 (1.145)

the effect of voluntary gait modifications on the muscle force,
which is still not fully understood.

There exist many cutting-edge computational approaches
to estimate the joint kinematics and muscle force. The first
one related to inverse dynamics and static optimization [4,
16]. This approach used skin-mounted marker’s trajecto-
ries and ground reaction forces within a musculoskeletal
model. The second approach deals with the EMG-driven
forward dynamic. In this case, the surface electromyography
is commonly used to define the muscle activation pattern
[17] to reproduce the observed motion. The third approach
is the dynamic optimization using muscle activation-driven
pattern to generate the body motion [18, 19]. This approach
is computationally complex, but the results are practically
equivalent to the static optimization [20]. The choice of the
appropriate approach depends on the specific objective as
well as on the availability of input data. However, the inter-
action between neural motor command and musculoskeletal
structures remains a challenging issue. One of the current
most-used strategies related to the replacement of the neural
motor command by the hypothesis of the performance strate-
gies of the human body. In fact, the optimization of muscle
metabolic function is one of the most used hypotheses when
using inverse dynamics and static optimization approach.
Thus, the understanding of this underlying interaction could
allow a deeper knowledge of the mechanical function of the
human body, especially in the cases of muscle weakness or
spasticity and muscle synergies.

Motor cortex is involved in planning, control, and exe-
cution of voluntary motions. The motor cortex gradually
performs the coordination of several muscles in the control
of body forces and motions when the human being learns
a new complex locomotion pattern. The understanding of
this complex coordination mechanism may be elucidated by
brain-based electrical stimulation [21, 22].Moreover, Barroso
et al. [23] studied the muscle coordination strategy by muscle
synergy analysis during walking and running. In fact, muscle
synergies relate to the coordinated and temporal recruitment
of muscle groups to perform a specific task. However, muscle
synergies have not yet been compared between the normal
gait and voluntary gait modification patterns. The question
of how the module function (i.e., muscle synergy) changes
from the normal gait to other voluntary altered gaits is still
misunderstood. The response to this question may provide

some elucidation for robotic application using neural control
strategies or for testing and optimizing the implant effect
on the human locomotor function. In fact, the objectives
of this present study were to (1) quantitatively assess the
effect of voluntary neural command through 4 altered gait
modifications (bouncy, medial thrust, midcrouch, and mtp
(i.e., gait with forefoot strike)) on the joint kinematics and
muscle force estimation and (2) find muscle synergy patterns
related to the normal gait as well as these altered gait
modifications.

2. Materials and Methods

2.1. Patient Data. The patient data used in this present study
were extracted from the fourth edition of the Knee Grand
Challenge [24]. All used data are briefly summarised here.
Data acquisition was performed on a patient (male, 88 years
old, 168 cm body height, 66.7 kg body weight, and 23.6 kg/m2
Body Mass Index (BMI)) with knee implant instrumented
in his right knee side. The patient had Rockport flat bottom
sneakers shoes during the gait data acquisition process.
The patient performed an overground normal gait pattern,
which was used as reference pattern. Then, 4 overground
gait trials reflecting 4 gait modification strategies (bouncy,
medial thrust, mild crouch, and mtp (i.e., gait with forefoot
strike)) were acquired using an 8-camera Vicon system.
All skin-mounted markers were posed using a modified
Cleveland Clinicmarker protocol [24]. Kinematical sampling
frequency is 120Hz. Ground reaction forces were acquired
using 3 AMTI force plates. Sampling frequency of the ground
reaction forces is 1000Hz. Moreover, during each acquisition
trial, surface electromyography (EMG) of 15 lower limbs
muscles (semimembranosus, biceps femoris, vastus medi-
alis, vastus lateralis, rectus femoris, medial gastrocnemius,
lateral gastrocnemius, tensor fascia latae, tibialis anterior,
peroneus longus, soleus, adductormagnus, gluteusmaximus,
gluteus medius, and sartorius) was also monitored using
Delsys Bagnoli EMG System. The description of the normal
gait and these gait modification strategies is depicted in
Table 1. Furthermore, pre- and postsurgery CT data were also
acquired on the patient using a SiemensCTmachine; the slice
thickness was set up as 0.6mm. The matrix is 512 × 512 and
the pixel resolution is 0.9 × 0.9mm2. The number of slices is
1900 for the whole scanned lower limb.
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Figure 1: Patient-specific rigid musculoskeletal model: CT-based visualization of the lower limb with implant (a) and its respective OpenSIM
model (b).

2.2. Patient-Specific Rigid Musculoskeletal Model. An avail-
able 7-segment patient-specific OpenSIM musculoskeletal
model was utilized to compute gait kinematics and muscle
forces for normal gait and gait modification patterns [25]
(Figure 1). The model composed of the pelvis and right
leg of the patient under investigation. Post- and presurgery
CT data and laser-scan-based implant component were
used to develop geometric model. The model development
process is briefly described here. Image segmentation using
SliceOmatic (Montreal, Canada) was performed to extract
bony segments (pelvis, femur, patella, tibia, fibula, talus,
calcaneus, and phalanges) and implant components (femoral
component, tibial tray). Data from postsurgery (spanned
from the proximal end of the pelvis to the distal tips
of the toes) was aligned with those from presurgery data
(approximately 15 cm above and below the joint line). STL-
based surface geometries were created and imported into
OpenSIM to develop corresponding bony segments. The
model has 24 degrees of freedom (DOF) (6 DOF ground-
to-pelvis joint, 3 DOF hip joint, 6 DOF tibiofemoral joint, 6
DOF patellofemoral joint, 2 DOF ankle joint, and 1 DOF toes
joint). The interaction between implant components and its
respective bone was modeled using a weld joint. The inter-
action between implant components (femoral component,
tibial tray, and patella/femoral component) was modeled
using a reverse joint. All segment coordinate systems were
based on the ISB recommendations [26]. The model has 22-
skin-mounted virtual marker’s cluster according to the real
market cloud used in the motion capture acquisition. Mass
and inertial properties of segmental bodies were scaled using
the data from Arnold et al. [27].

44 lower limb muscles were integrated into the bony
model. Each muscle was modeled as a Schutte muscle
model [28]. Muscle attachment points and wrapping surface
were created using an available lower limb model [27].

A transformation process using information from bone-to-
bone alignment was performed to morph the patient-specific
musculature. Some attachments’ points and unrealistic inter-
section of muscle lines of action were manually adjusted.

2.3. Estimation of Joint Kinematics and Muscle Forces. Based
on skin-mounted marker’s trajectories, inverse kinematics
was performed to compute the joint kinematics.Then, inverse
dynamics and static optimization [2, 4, 16] were applied to
estimate the muscle forces according to the normal gait and
each gait modification pattern. All these algorithms were
performed using OpenSIM 3.1 version on a Dell computer
(Precision T3500, 2.8 Ghz, 3GB RAM). Inverse dynamic
aims at estimating net joint moments from tracked segment
kinematics. Static optimization allows the estimation of
the muscle forces to be performed using the equilibrium
principle between net joint moments, muscle lever arms, and
muscle forces. In this present study, the optimization problem
is expressed as follows:

minimize 𝐹obj

subject to 𝑅 (𝑞) 𝐹𝑇𝑀 = 𝑇
𝑀𝑇

0 ≤ 𝐹
𝑇𝑀
≤ 𝐹
0

𝑀
,

(1)

where 𝑞 is the joint angles set for 𝑛 joints; 𝑅(𝑞) is the muscle
moment arms (𝑛×𝑚)matrix;𝐹𝑇𝑀 are themuscle force (𝑚×1)
matrix;𝑇

𝑀𝑇
is themuscular joint moments (𝑛×1) matrix;𝐹0

𝑀

is the peak isometric muscle force deriving from the cross-
sectional area of the muscle; and 𝐹obj is an activation-based
objective function as follows:

𝐹obj = (
𝑁

∑

𝑗=1

𝑎
𝑗
(𝑡
𝑖
))

2

, (2)
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Figure 2: Visualization of the normal gait motion of the patient-specific model superposed with the experimental 56-skin-mounted (blue
color) and virtual 22-skin-mounted (pink color) marker clusters.

where 𝑎
𝑗
is the activation level of the muscle 𝑗 and 𝑁 (= 44)

is the number of muscles of interest.
To assess the kinematical deviation, a peak-to-peak abso-

lute error was computed for each pair of comparison between
the normal gait pattern and each gait modification pattern.
The deviation of muscle forces was quantified using root
mean square error (RMSE) and its relative error (RE) accord-
ing to the maximal value. These quantities were calculated
for each pair of comparison between the normal gait pattern
and each gait modification pattern. Respective mathematical
equations of these errors are expressed as follows:

RMSE = √
∑
𝑖
(𝑋
𝑖
− 𝑌
𝑖
)
2

𝑁

,

RE = RMSE
max (max (𝑋

𝑖
) ,max (𝑌

𝑖
))

,

(3)

where 𝑋
𝑖
and 𝑌

𝑖
(𝑖 ∈ {1, . . . , 𝑁}) are time series of two data

sets used for the comparison. All postprocessing steps were
performed using MATLAB R2010b (MathWorks, USA).

2.4. Muscle Synergy Analysis. The muscle synergies during
the normal gait and respective gait modifications were com-
puted using nonnegative matrix factorization method [29–
31]. This multivariate analysis and linear algebra tool allows
transforming the EMG signals into muscle synergy features
in reducing their dimensionality [32].The respective equation
of this feature transformation is expressed as follows:

EMG
𝑛𝑚
= 𝑊
𝑛𝑝
× 𝐻
𝑝𝑚
+ 𝑅
𝑚
, (4)

where EMG
𝑛𝑚

is thematrix of EMGsignals of𝑚muscles;𝑊
𝑛𝑝

is the synergy matrix in which vector columns correspond to
relativemuscle activation levels; 𝑝 is the number of synergies;
𝑛 is the number of time steps; 𝐻

𝑝𝑚
is the synergy activation

vector reflecting the EMG-to-force behavior; and 𝑅
𝑚
is the

factorization residual vector. The nonnegative matrix factor-
ization method was implemented using MATLAB R2010b
(MathWorks, USA).
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Figure 3: Evolution of the patient right knee flexion/extension
within his instrumented implant during normal gait and altered gait
modifications.

3. Results

3.1. Kinematical Deviation. A motion of the patient-specific
model within the knee implant during his normal gait cycle
is shown in Figure 2. The duration of his normal gait cycle
is around 1.112 sec. The time durations of the bouncy, medial
thrust, midcrouch, and mtp (i.e., gait with forefoot strike)
gaits are around 1.148, 1.156, 1.079, and 1.145 sec, respectively.
The evolutions of the knee flexion/extension within his
instrumented implant during normal and modified gaits
are illustrated in Figure 3. The 1st and 2nd peak-to-peak
deviations of the knee flexion/extension motion of each
modified gait according to the normal gait are depicted in
Table 2. The 1st peak-to-peak deviation showed an increase
of flexion/extension angle ranging from 5.6 (medial thrust) to
18.5 (midcrouch) degrees for all comparisons. The 2nd peak-
to-peak deviation showed a decrease of flexion/extension
angle ranging from 1.8 (midcrouch) to 8.52 (mtp) degrees
for all comparisons. It is important to emphasize that, due to
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Figure 4: Lower limb muscle behaviors during the normal gait: normalized tensile forces versus EMG signals.

Table 2: Kinematical deviations between the normal gait and
modification gait patterns.

1st peak-to-peak
deviation (∘)

2nd peak-to-peak
deviation (∘)

Bouncy versus normal gait 17.7 −3.44
Medthrust versus normal gait 5.6 −2.42
Midcrouch versus normal gait 18.5 −1.8
Mtpgait versus normal gait 13.4 −8.52

the instrumented knee implant, these gait patterns fall out of
normality with some cusps effects according to conventional
gait patterns.

3.2. Muscle Force Deviation. Muscle force and EMG evolu-
tions of the lower limbmuscle during the normal gait and the
medial thrust gaits are shown in Figures 4 and 5. Overall, the
comparisons revealed a fair qualitative agreement between
muscle force and EMG-based patterns of each muscle during
the normal gait and also medial thrust gait. The same
observations were found for the bouncy, midcrouch, andmtp
gait modifications. However, at some periods over the gait
cycle, the high EMG activity does not perfectly correspond
to the muscle peak force.

When analyzing the difference between each gait mod-
ification according to the normal gait, we observed altered
muscle force ranges (Figure 6 and Table 3). Rootmean square
errors range from 7.9 to 139N, from 7.4 to 189.1 N, from 5.7 to
101.3N, and from 7.4 to 126.2N for the comparisons between
the normal gait and the bouncy, medial thrust, midcrouch,
and mtp gait modifications, respectively. Moreover, overall
quantitative assessment revealed a root mean square error
ranging from 5.5 to 189.1 N for all comparisons. The maximal
deviation arises from the gluteus medius muscle during the
medial thrust gait modification.The peroneus longus showed
aminimal deviation during the midcrouch gait modification.
Regarding the relative deviation, the overall range is from
10 to 34%. The medial gastrocnemius revealed a minimal
deviation during midcrouch gait modification while the
sartorius showed a maximal deviation during the mtp gait
modification.

3.3. Muscle Synergies. Muscle synergies extracted from the
EMG signals during the midcrouch gait modifications are
illustrated in Figure 7. We noted that the activation levels
of the vastus lateralis and tibialis anterior are dominant for
the midcrouch gait. The comparison between the muscle
synergies patterns of the normal gait and other gait modi-
fications is shown in Figure 8. We observed a large faction
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Figure 5: Lower limb muscle behaviors during the medial thrust gait: normalized tensile forces versus EMG signals.
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Figure 6: Evolution patterns of the thigh muscle (semimembra-
nosus, biceps femoris, rectus femoris, and sartorius) forces: normal
gait versus modification gait patterns.

of variation in the muscle patterns between the normal
gait and all gait modifications. It is important to note that
a small number of 4 synergies are sufficient to generate
the functional output of muscle patterns. It is important to

emphasize that one of the main objectives is to reach this
number as small as possible when analyzing an important
number of signals. Moreover, the activation level of the
semimembranosus is more important for medial thrust and
midcrouch gait modifications than other gaits.

4. Discussion

Neural motor control and its resulting joint kinematics
and muscle forces provide basic knowledge of locomotion
function of the human body in the normal as well as in
the pathophysiological conditions [16, 33, 34]. Moreover, the
better understanding of this complex underlying mechanism
allows a better elucidation of the mechanisms behind body
growth, aging progression, and disease development [3, 23].
This may lead to a precise and accurate diagnosis of the
musculoskeletal diseases. Furthermore, this provides also
important knowledge in the fight (e.g., more efficient treat-
ment prescription) against these musculoskeletal diseases.
In this present study, the impact of the voluntary altered
gait modifications on joint kinematics, muscle forces, and
muscle synergies was assessed. Our findings contributed
to the understanding of how the motor cortex changes
voluntarily the motion patterns and its resulting effect on
the joint and muscle mechanics. In fact, a large kinematic
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Figure 7: Muscle synergies matrix (𝑤—activation level) identified from the nonnegative matrix factorization based on the EMG signals
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, and𝑤

4
) includes a vector

of relative level of muscle activations of 15 analyzed muscles illustrated by horizontal bars.

deviation of around 19 degrees for knee flexion/extensionwas
found between the normal gait and 4 other gait modifications
(bouncy, medial thrust, midcrouch, and mtp). A significant
change of 190N for the lower limb muscle forces was also
noted. In fact, our used musculoskeletal model was sensitive
enough to detect the changes of the motor control strategies
and their resulting effects on the joint and muscle behaviors.
Motor commands may be generated through muscle synergy
mechanism. Healthy human being is able to adapt a set
of muscle synergies to effectively control body movements
and stabilities. Nonetheless, abnormal gait (e.g., gait with
instrumented implant in this present study) showed a large
variation in the joint kinematics and muscle force patterns
across a variety of gait modifications strategies. This could
be explained by the fact that the implant may influence the
decision-making process of the motor cortex leading to the
joint and muscle adaptation behaviors, which are specific to
each motion pattern.

In addition to the effect on the joint kinematics and mus-
cle forces, EMG-based muscle synergy analysis revealed an

important contribution of semimembranosus to the medial
thrust and midcrouch gaits. Thus, this advanced multivariate
analysis allows recognizing functional output of muscle
activation patterns for each specific motion pattern [32]. In
fact, we demonstrated that different altered motor behaviors
may be constructed by a common set of muscle synergies (as
results shown in Figures 7 and 8). Our findings support prior
works related to the changes in the modular organization of
differentmotion patterns of healthy and pathological subjects
[35, 36].

At the moment, cutting-edge computational approaches
such as inverse dynamics, static and dynamic optimization,
and EMG-driven forward dynamics are commonly used to
elucidate the neurophysiological relationships between the
motor cortex, the muscle, and the joint mechanics [4]. Each
approach has underlying advantages as well as disadvantages.
Inverse dynamics and static optimization showed high resid-
ual results due to dynamic inconsistencies between ground
reaction forces (GFR) and captured kinematics. Kinemati-
cal errors coming from anatomical representation, marker
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Figure 8: Comparison of all muscle synergies matrix (𝑤—activation level) between the normal gait and other gait modifications: (1)
semimembranosus, (2) biceps femoris, (3) vastus medialis, (4) vastus lateralis, (5) rectus femoris, (6) medial gastrocnemius, (7) lateral
gastrocnemius, (8) tensor fascia latae, (9) tibialis anterior, (10) peroneus longus, (11) soleus, (12) adductor magnus, (13) gluteus maximus,
(14) gluteus medius, and (15) sartorius. Each gait pattern corresponds to the visualization of all 15 muscles of interest and their associated
synergies. Each column of muscle synergies (𝑤

1
, 𝑤
2
, 𝑤
3
, and 𝑤

4
) includes a vector of relative level of muscle activations of 15 analyzed

muscles illustrated by horizontal bars.

registration, and soft tissue artifacts may alter the accuracy
of the results [16]. Moreover, the inaccuracy may come from
the noise in GRF or drift effect over time. Furthermore, the
choice of the objective function may create nonuniqueness
solutions. However, this approach has a short computing
time and this may be appropriately suitable for real-time
simulation. Forward dynamics and dynamic optimization
have computational complexity.The accuracy of EMG signals
due to electrode location and signal processing approach
may alter significantly the simulation results [37]. Another
challenge is how to deal with the recruitment mechanism
of related motor units in pathological muscles. Thus, the
estimation of muscle forces using optimization deals with
nonuniqueness cost function and this approach may be
invalid for movement disorders. The EMG-driven approach
is challenging, but there are many disadvantageous factors
related to the cross talk effect and noise or uncertain muscle
model parameters. Moreover, it is especially difficult to
acquire accurately deep muscle excitations in noninvasive
manner. In fact, the choice of the appropriate approaches
depends on the specific objective of study. In this present
study, inverse dynamics and static optimization were applied
to estimate the lower limb muscle forces. The comparisons

between muscle force patterns and EMG-based activation
patterns showed a good agreement (Figures 4 and 5) for the
normal gait pattern. This finding confirmed the reasonable
accuracy of the used approach in the estimation of in vivo
patient-specific healthy muscle forces [6, 20]. However, it is
important to emphasize that the use of EMG signals allows
only a qualitative validation of the estimated muscle forces
to be achieved. Consequently, the present study showed
some disagreements between estimated muscle forces and
EMG signals, especially for modified gait patterns. This
phenomenon could be explained by the fact that themodeling
of abnormal muscle behaviors, especially with instrumented
implant devices, remains a challenging issue. Moreover, the
use of an activation-based optimization function may be
not well appropriate for these modified gaits. In perspective,
further works related to the definition of new optimization
functions for abnormal gaits need to be performed to improve
the simulation outcomes. Furthermore, electrical activities
of the semimembranosus and adductor magnus muscles
do not match the EMG profiles of the healthy subjects
[38]. The differences may be explained by the fact that the
instrumented implant changed the muscle behaviors. In fact,
more works are needed to elucidate this point.
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The medial thrust gait allows the footpath to be changed
during gait cycle. Recent study showed decreases of knee
adduction torque (−34%) and hip abduction torque (−15%)
by using this gait pattern [13]. Another study [39] showed
the increases of knee contact forces by 23%, 29%, and 36%
in the lateral side using mild crouch, moderate crouch,
and bouncy gait modifications, respectively. Despite their
inexpensive character for the disease management, specific
gait patterns such as crouch or bouncy and especially the
medial knee thrust gait are quite complex motion patterns.
At the moment, there is no universal method due to the lack
of long-term effectiveness study. The challenges related to
these gait-retaining strategies remain in the determination
of optimal strategy and magnitude of modifications required
to maximize beneficial effects and an efficient and special
training method with real-time biofeedback is needed [14].
Muscle synergies analysis based on the dimensional reduc-
tion principle (i.e., matrix factorization) allows studying how
the nervous system reduces movement control complexity
[40]. In this present study, the muscle synergy analysis
provides muscle activation pattern of each specific muscle
related to each gait modification (bouncy, medial thrust,
mild crouch, and mtp) leading to determining its effect
on the muscle biomechanics. Moreover, our findings are in
agreement with the literature works showing that only 3–
7 neural commands (i.e., number of muscle synergies) are
required for walking activities [39].

The use of a single subject with instrumented implant is
themain limitation of this study. Consequently,more subjects
are needed to generalize our findings. However, this present
study provided unique and important information about the
effect of voluntary gait modification strategies on the muscle
biomechanics (e.g., activations and forces). The validation of
the musculoskeletal simulation results is also a current chal-
lenging issue.Thismodeling problemdepends uponobjective
and context of the research question and how modeling
hypotheses are performed. At themoment, new experimental
technologies and protocols need to be developed to provide
new exploitable data for validation and verification purpose.
In the scope of this objective, a Knee Grand Challenge has
been organized to validate the joint loading andmuscle forces
by using joint reaction forces measured from instrumented
implants. This provides a large panel of experimental data
formusculoskeletal modeling purposes. In this present study,
muscle force patterns were provided for the normal gait and
4 gait modifications. Then, EMG-based activation patterns
were compared to muscle force patterns to evaluate the
accuracy of the developed model. These data will be used
to validate the joint reaction forces by a new approach of
validation based on musculoskeletal simulation results and
machine learning technique.

5. Conclusions

This present study showed an important variation of kine-
matical and muscle force behaviors under the voluntary
altered gait patterns. Our findings allowed also muscle
synergies to be recognized for the normal gait as well as 4

gait modifications (bouncy, medial thrust, midcrouch, and
mtp). In fact, such useful information could allow a better
understanding of the joint function and muscle synergy
strategies leading to deeper knowledge of joint and muscle
mechanisms related to neural commands.

Highlights

(i) Effect of voluntary gait modifications on the human
knee joint behaviors.

(ii) Impact of structure-modifying treatment strategies
on the muscle behaviors.

(iii) Lower limb muscle synergy analysis using nonnega-
tive matrix factorization.

(iv) Patient-specific musculoskeletal modeling and simu-
lation.
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