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EXPLORING THE EFFECT OF DIFFERENT NEURAL STRATEGIES
ON THE KNEE JOINT CONTACT FORCES
DURING WALKING IN ADULTS

ABSTRACT

Identifying the different neural strategies that a person may adopt to perform simple locomotor
tasks, such as walking, may enable the definition of rehabilitation plans aimed to reduce joint
loads while preserving joint kinematics. Abnormal detrimental loading conditions that would
likely reduce a person’s quality of life, especially among the elderly, could thus be prevented.

Leveraging on previous works, we employed musculoskeletal models and biomechanical
simulations (1) to explore how healthy young and elder adults recruit their muscles to perform
a walking task, and (2) to determine whether the use of electromyography data to inform the
simulations would allow to reduce the solution space. For the 15 tested subjects (10 young, 5
elderly), we estimated 10k sets of muscle and knee joint contact forces combining a static
optimization approach with a Markov-chain Monte Carlo algorithm.

We observed that the bands of solutions were narrower among the young adults than the
elderly, showing how different neural strategies that prioritize the use of different muscles while
ensuring the same kinematics are more likely to result in larger changes in the joint contact
forces among older adults. In addition, while the neural strategies associated to the maximal
knee contact forces were similar between populations, some differences emerged when
analysing the strategies to minimise the knee loads. Last, the use of electromyography data
allowed for a reduction of the solution band by up to 69%.
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INTRODUCTION

The human musculoskeletal (MSK) system is intrinsically redundant: we have more actuators
(muscles) than degrees of freedom (allowed motions, e.g., knee flexion). As a result, there are
virtually infinite solutions one can select to perform a given motor task. Why we choose one
strategy over another rerains a topic of research and debate [1,2]. In a clinical context, the
possibility to identify alternative muscle recruitment strategies to perform activities of daily
living (ADLs) would allow for the definition of tailored and potentially more effective gait
retraining or rehabilitation programs [3,4]. To this end, the use of MSK models and computer
simulations may be key to explore the effect of different neural strategies on the resulting
contact loads experienced by the joints [5—12]. However, the identification of the best approach
to predict physiologically plausible solutions is not trivial.

Typically, when simulating simple and repetitive locomotor tasks, the joint contact forces (JCF)
are estimated under the assumption that the MSK system works by minimizing the overall
metabolic cost [13]. Although generally valid for healthy adults, this is likely not applicable to
clinical populations. To overcome this limitation, Uhlrich et al [9] recently introduced a modified
version of the classical static optimization approach in OpenSim [14,15] where — while trying
to minimize the sum of squared activations - one can prioritize the ‘optimization’ of any specific
muscle by selecting the weight associated to each of them in the cost function. Alternative
approaches that leverage on experimentally collected electromyography (EMG) data may
allow to generate more physiologically plausible estimates [16,17], but require data that may
not be readily available. More recently, the use of muscle synergies has been proposed as a
viable alternative to generate realistic predictions [18-21]. Muscle synergies are typically
extracted from EMG data and carry crucial information on how different muscles work together
to generate motion. In some instances, however, looking for a single ‘optimal’ solution may not
be sufficient; alternative approaches to widely explore the space of feasible solutions, such as



the Markov Chain Monte Carlo (MCMC) method to sample a band of possible solutions, may
be preferrable [6]. The identification of suboptimal but functionally equivalent solutions may
allow to get insights on motor control variability [22].

Aiming to assess how different neural strategies affected the predicted JCFs during walking,
building on [9], Kainz and colleagues implemented a MCMC simulation framework where the
individual muscle weights in the cost function varied from simulation to simulation [23]. Over
10k combinations of weights were sampled and tested, on a population of 10 children. The
study highlighted the effect of different control strategies on the resulting joint loads and
showed how the results may vary significantly depending on the subject and on the assigned
weights. However, it is not clear whether these conclusions would apply to an adult cohort,
being the latter of healthy, elder or pathological individuals. Moreover, based on the research
question or clinical need, it may be necessary to find ways to reduce the complexity of the
results (i.e., to narrow the band of solutions), for example by informing the simulations with
EMG data. Of note, the MCMC method has recently been used for similar applications in
biomechanics, as a way to extensively sample the space of solutions [24-28].

Therefore, we set out to study how different neural strategies predicted via MSK modelling and
biomechanical simulations may affect the loads experienced by the knee joint in an adult
population walking on level ground. The knee joint plays a key role in many ADLs and is
spanned by many bi-articular muscles whose activation impacts on multiple joints of the lower
limb [8], making it an ideal candidate for a computational study. Even more so if one considers
(1) that the ageing process is associated to changes in neuromuscular control [29—-31], and (2)
that abnormal knee joint contact forces are commonly observed in clinical populations, such
as patients with knee osteoarthritis [32,33] or people with a total knee arthroplasty [34-36],
due to altered muscle activations.

Thus, the aims of this study were twofold. First, to test whether the MCMC method proposed
by Kainz and colleagues highlighted any differences in the bands of JCFs predicted by the
models between healthy young and elderly subjects performing a simple locomotor task.
Second, to test whether the use of EMG data to inform the simulations would lead to a
significant narrowing of the solutions band.

RESULTS
Effect of EMG data on the predictions

In general, for the healthy adult cohort, the use of experimental EMG data to inform and
constrain the simulations was associated with a markedly reduced variability in the predicted
knee JCFs (Figure 1). The solution band was significantly narrower for the EMG-constrained
(than for the unconstrained) simulations, with reductions ranging from approximately 37%
(HYAO02) to 69% (HYAL0) (Figure S1, Supplementary Files).
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Figure 1 Example of knee joint contact forces predicted via unconstrained (black) and EMG-constrained
(blue) simulations for one healthy young adult (HYA). In white, the reference solution resulting from
setting all weights to 1 (traditional static optimization). The red lines represent the instants corresponding
to the peak vertical ground reaction forces. On the right, a radar plot showing for all HYA subjects the
ratio between the solution bandwidth of the unconstrained simulations (reference) and the EMG-
constrained simulations.

Notably, in most cases, the EMG-constrained simulations produced significantly larger knee
JCF estimates than the corresponding unconstrained simulations (i.e., when the same set of
weights was applied). This was not true for two subjects, HYAO1 and HYA17, for whom most
of the simulations were associated with a negative relative area difference (RAD), which
indicate a larger area under the curve in unconstrained rather than EMG-constrained
simulations (Table 1).

Table 1 Relative area difference (RAD) between the knee joint contact forces predicted via
unconstrained and EMG-constrained simulations. Differences are reported, for each participant, as
percent values, where ‘Increase’ means larger area under the curve for the EMG-constrained simulation
and ‘Decrease’ means larger area under the curve for the unconstrained simulation. The number of
simulations (out of 10000) for which either an increased or decreased RAD value was observed is
reported for completeness. Stars indicate the subjects for whom EMG-constrained simulations returned
JCFs significantly larger than unconstrained simulations (Wilcoxon signed rank test, p = 0.05).

Relative area difference (RAD)

Subject ID . Increase ' . . Decrease . .
Mean diff. (%) N° simulations Mean diff. (%) N° simulations

HYAO1 14.6+8.6 4386 16.4+8.1 5614
HYAOQ2* 28.4+20.6 7353 10.3+£7.3 2647
HYAO04* 27.1+£16.5 5608 17.0£9.7 4392
HYAO5 25.4+16.5 5100 23.9+£13.2 4900
HYAO06 29.3+18.5 5409 21.0+£11.3 4591
HYA10 26.8+15.6 5178 20.7£11.1 4822
HYA11* 29.3+21.6 7052 11.6+8.2 2948
HYA12* 33.0£24.0 6674 10.7+£6.7 3326
HYA16* 39.9+29.1 7610 9.8+7.5 2390
HYA17 9.9+7.6 3373 23.2+12.7 6627




Joint contact force solution bands — differences between populations

On average, the elderly participants showed a wider variability in the resultant knee JCFs
compared to the healthy young cohort, as highlighted by a slightly larger solution bandwidth
both in correspondence of the two characteristic peaks (initial contact and push off phases,
Table 2) and across the entire stance phase (4.88 vs 4.74 BW), when unconstrained
simulations were performed (Table 3, Figure 2). A similar trend was observed at the hip joint,
while the ankle JCF solution bandwidth resulted to be slightly larger among the younger
participants than the elderly. The above differences were more apparent when looking at the
10"-90" percentiles (Figures 2-4), although the solution bands were much narrower (Table 3).

Table 2 Knee joint contact force solution bandwidth, for the elderly (FRE) and young participants (HYA).
All values, computed in correspondence with the two characteristic peaks of the gait cycle, are
expressed in bodyweights (BW). Minimum and maximum values are reported in brackets.

1t peak 2" peak
HYAO1 3.03[2.81,5.83]  5.55[1.25,6.80]
HYA02 5.84[3.49,9.33]  7.59 [2.64,10.24]
HYAO4 | 4.24[1.956.20]  6.64[1.81,8.44]
HYAO5 5.31[2.55,7.86]  6.62[1.61,8.23]
HYAO06 476 [2.957.71]  6.41[1.79,8.20]
HYA10 5.10[2.83,7.92]  7.10[2.31,9.40]
HYA11 4.26[2.80,7.05]  8.19[1.82,10.01]
HYA12 4.73[3.76,8.49]  8.05 [2.05,10.10]
HYA16 4.62[2.74,7.36]  5.90[1.67,8.57]
HYA17 5.13[2.75,7.88]  6.68 [1.97,8.65]
FREO1 4.44[3.53,7.97]  7.79 [2.47,10.26]
FRE02 5.83[3.25,9.10]  6.57 [1.75,8.31]
FREO3 447[2.94,7.41]  8.00[1.90,9.90]
FREO4 4.65{2.48,7.13]  7.34[1.71,9.05]
FREOS | 4.60[2.84,7.45]  7.56[1.88,9.44]

AVgHYA | 4.700.76 6.97+0.80

Avg FRE |  4.80+0.58 7.450.55



Table 3 Hip, knee and ankle solution bandwidths. Values are reported in units of bodyweight (BW), and
represent the individual mean and standard deviation across the stance phase of the gait cycle for each
elder (FRE) and young participants (HYA). * = p<0.05 (between populations)

All solutions 90™ percentiles
Hip Knee Ankle Hip* Knee Ankle
HYAO1 1.90+0.89 2.93+1.37 1.30+1.12 0.43+0.20 1.56+1.09 0.23+0.16
HYAO2 | 4.53+1.67 5.05+1.81 1.70+1.50 0.90+0.34 2.03+1.21 0.32+0.25
HYA04 | 3.15+1.22 4.48+1.51 1.56+0.96 0.59+0.16 2.01+1.21 0.52+0.21
HYAO5 | 4.04+1.63 5.36+1.80 1.75+0.82 0.91+0.44 2.23+1.13 0.71+0.37
HYAO6 | 2.89+1.29 4.87+1.49 1.69+0.89 0.66+0.24 2.16+1.08 0.52+0.21
HYA10 | 4.01+1.42 5.35+1.31 1.63+0.83 0.81+0.28 2.31+1.00 0.70+0.31
HYA11 | 2.81+1.09 5.55+1.85 1.65+1.06 1.37+0.56 2.85+1.63 0.55+0.28
HYA12 2.91+1.46 4.88+1.70 1.87+1.19 1.07+0.66 2.68+1.55 0.40+0.22
HYA16 | 3.37+1.68 4.44+1.41 1.63+0.95 0.78+0.38 2.04+1.09 0.40+0.16
HYA17 | 3.16+£1.62 4.46+x1.54 1.74+0.75 0.71+0.31 1.79+1.00 0.69+0.29
FREO1 | 3.04+1.17 5.11+1.49 1.31+0.94 1.27+0.44 2.50+1.12 0.36+0.14
FREO2 4.18+1.47 5.05+1.37 1.79+1.02 0.97+0.48 2.38+0.92 0.37+0.13
FREO3 | 3.12+1.12 4.66+1.89 1.18+0.93 1.25+0.54 2.25+1.15 0.36%0.20
FREO4 | 3.27+1.16 5.05+1.80 1.67+1.02 1.01+0.50 2.44+1.27 0.46+0.17
FREO5 | 3.27+1.33 4.56+1.58 1.20+0.94 1.16+0.46 2.06+0.92 0.37+0.25
Avg HYA | 3.27+0.76 4.74+0.75 1.65+0.15 0.82x0.26 2.17+0.38 0.50+0.17
Avg FRE | 3.38+0.46 4.88+0.26 1.43+0.28 1.13+0.14 2.32+0.18 0.38+0.04
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Figure 2 Knee joint contact forces resulting from the unconstrained simulations. Values are normalized
to each subjects’ bodyweight. The entire solution bands are reported in light colours. Darker shades
refer to the 10" to 90" percentiles. The dashed lines correspond to the median solutions.
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Figure 3 Hip joint contact forces resulting from the unconstrained simulations. Values are normalized to
each subjects’ bodyweight. The entire solution bands are reported in light colours. Darker shades refer
to the 10™ to 90™ percentiles. The dashed lines correspond to the median solutions.
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Figure 4 Ankle joint contact forces resulting from the unconstrained simulations. Values are normalized
to each subjects’ bodyweight. The entire solution bands are reported in light colours. Darker shades
refer to the 10" to 90" percentiles. The dashed lines correspond to the median solutions.



In general, the solutions resulting in the minimal area under the knee JCF curve were
associated to non-minimal hip and ankle JCFs, whose areas under the curve were on average
15.6+£6.9% and 9.0+6.0% larger than their corresponding minimum among the 10k tested
solutions (Figure 5). On the other end, the solutions resulting in the maximal area under the
knee JCF curve were associated to sub-maximal hip and ankle JCFs. The latter were
respectively smaller than 22.1+10.0% and 15.5+9.8% compared to the maximal area under
the solutions in the MCMC band. In both cases, the differences between populations were

little.
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Figure 5 Effect of maximising or minimising the knee JCFs on the hip and ankle loads. Barplot showing
the percent difference with respect to the minimal or maximal area under the hip and ankle joint contact
forces, for the solutions resulting in the minimal and maximal knee JCF. The shaded areas represent
the mean and standard deviation across the two populations (blue = young, red = elderly). AUC = area
under the curve, JCF = joint contact force, wrt = with respect to.
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Comparison between the reference solution and the solutions associated to minimum and
maximum knee loads

In general, in correpsondence of the two characteristic peaks of the knee JCF profiles, the
solutions associated to the maximal area under the curve were larger than the corresponding
reference solution from static optimization (Figure 6). This was observed across all
participants, and was more apparent in correspondence ot the second peak (Dif fisy = 3.28 +
1.29BW ; Diff*t =2.69+ 0.89 BW; Diff2'¢ = 482+ 145BW ; DiffA¢ =471+
1.65 BW). By comparison, the differences between the solutions associated to the minimal
area under the curve and the corresponding reference solutions were smaller in magnitude,
and larger across the elderly (DiffAst = —1.11 4 0.11 BW; Dif f43¢ = —2.16 + 1.46 BW) than
the young participants (Dif ;534 = —0.66 + 0.51 BW; Diff2'¢ = —1.34 + 0.66 BW). For one
participant (HYA12), the reference solution was lower than the solution corresponding to the
minimal area under the curve, in correspondence of the 1% peak.
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Figure 6 Barplot showing the difference between the solutions resulting in maximal (Max) and minimal
(Min) knee joint contact force and the reference static optimization solution (Ref), among the young
(HYA, blue) and elderly (FRE, red) participants. The shaded areas represent the mean and standard
deviation across the two populations (blue = young, red = elderly). All values are expressed in
bodyweights (BW).
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In both populations (young and elderly), among the MCMC unconstrained solutions, the
minimal area under the knee JCF curves typically resulted from a set of reduced (sometimes
even zeroed, i.e. -100% variation) muscle forces compared to the reference static optimization
solution (where all weights in the objective function were set to 1) — both for the knee flexor
and extensor muscles. In a few cases, however, the activity of the hamstrings (among young
participants) and of the RF muscle (among the elderly) increased (Figure 7, Figure S2 -
Supplementary Files). Notably, the general reduction in the force generated by the muscles
spanning the knee joint, which was observed in ~75% of the cases both among the elderly and
the young adults, was compensated by an increase in the activity of the primary muscles acting
on the hip (e.g., adductor muscles and gluteii. Figure S3, Supplementary Files).
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Figure 7 Boxplot showing the percent muscle force variation between the reference static optimization
solution and the solution resulting in minimal knee joint contact forces, for the primary muscles spanning
the knee joint among the young (HYA, blue) and elderly (FRE, red) participants. The reference solution
corresponds to the solution obtained by setting all muscle weights to 1 (standard static optimization
objective function).
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Similarly, but opposite, the largest knee JCFs in the solution band were the result of a
substantial increment (up to 2000%) in the force developed by several muscles crossing the
knee joint (Figure 8, Figure S2&S4 — Supplementary Files), compared to the default static
optimization solution. Differences between populations were little.
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Figure 8 Boxplot showing the percent muscle force variation between the reference static optimization
solution and the solution resulting in maximal knee joint contact forces, for the primary muscles spanning
the knee joint among the young (HYA, blue) and elderly (FRE, red) participants. The reference solution
corresponds to the solution obtained setting all muscle weights to 1 (standard static optimization
objective function).
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Looking at the strategies (set of weights) associated with the lowest and largest knee JCFs in
the solution bands, a few clusters were identified (Figure 9). To minimize the knee JCFs, two
strategies were the most recurrent, across participants. Similarly, two combinations of weights
(among the 10000 tested) emerged as those leading to the maximal knee JCFs. In this case,
however, one combination of weights was associated with the largest knee JCF for most
participants (8 out of 15, 4 FRE and 4 HYA).
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Figure 9 Combinations of weights associated with the iminimal (top) and maximal (bottom) knee joint
contact forces, across participants. The numbers in brackets indicate the number of subjects for whom
the specific strategy was associated to minima! or maximal knee joint loading. * = healthy young adults,
° = elderly participants.

DISCUSSION

The present study aimed (i) to explore how different neural strategies affect the knee joint
contact forces during waiking in healthy young and elder adults by means of computer
modelling and simulation techniques, i.e., a static optimization approach and the MCMC
method, and (ii) to study the effect of using experimental EMG data to inform the simulations.
To this end, within OpenSim 4.3 and building on previous work [9,23], we linearly scaled the
Full Body Model [37] to approximate the anthropometry of 15 individuals (10 young adults and
5 elders), which we employed to estimate a band of muscle forces and knee joint contact forces
resulting from 10k different combinations of muscle activations obtained by changing the
weight assigned to each individual muscle in the cost function. Additionally, for the cohort of
young adults, a second set of simulations was performed, providing as input the available
experimental EMG data [38].

As expected, the use of EMG data to inform the simulations led to a marked reduction in the
solution bandwidth (up to 69%), underscoring the benefits of informing MSK simulations with
EMG data to achieve more physiologically plausible and interpretable estimates [17,39-43]. In
addition, in most cases (Table 2), when the same sets of weights were applied, EMG-
constrained simulations produced larger knee JCF predictions compared to unconstrained
simulations. This is in line with previous work showing how the traditional static optimization
approach, by discouraging muscle co-contraction, is likely to underestimate the predictions of
an EMG-assisted approach, which more closely track experimental data [43]. What remains to
be understood is whether the use of EMG data to simulate walking in populations presenting
with abnormal gait patterns or less trivial tasks (possibly characterized by high variability) in
healthy individuals would confirm these findings.
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The comparison between young and elder adults (MCMC unconstrained simulations) revealed
a difference in the solution bandwidth between populations, with the elderly showing a slightly
larger range of variation across the entire stance phase at the knee (4.88 vs 4.74 BW) and hip
(3.28 vs 3.37 BW) joints, but a narrower bandwidth at the ankle joint (1.43 vs 1.65 BW). Similar
conclusions could be drawn by looking at the solutions comprised between the 10" and the
90" percentiles, thus excluding the least recurrent (more unlikely) solutions. Due to the
exploratory nature of the study, however, it remains unclear whether this slight increase in
bandwidth is linked to an age-related deterioration in motor control, a mechanism that has
been hypothesized and supported by several physiological and experimental studies [44—-47]
and that may result in an altered joint kinematics. Of note, the cohort of elderly subjects in the
present study consisted of highly active individuals [48] with no history of musculoskeletal
disorders or previous surgeries, who we can assume to have a good level of muscle control
and whose kinematics did not significantly change from that of their younger counterparts [48].
To further explore the effect of ageing on muscle control, a longitudinal study on a larger cohort
or a clinical ambulatory population would be needed. In addition, synergy-based methods
could be exploited to further analyse the output solution band [49] enabling an easier
interpretation of the results, or even to reduce the complexity of the problem in the first place
by reducing the number of possible combinations.

In line with previous work [8], we observed that minimizing the knee JCF impulse (i.e., the area
under the curve) led to an increase in the hip impulse (up to 31.7%) and to more modest
variations at the ankle joint (on average, a 9.0+6.0% increment compared to the minimum
impulse identified among the 10000 simulations). Moreover, our resuits showed that the worst
loading conditions at the knee (largest area under the JCF curve) are likely not associated to
the most detrimental conditions at the hip and ankle joints. In fact, when considering the
solution associated to the maximal knee JCF impuise, the hip and ankle impulses were
markedly lower than their respective maximums within the MCMC band.

As expected, across both populations, the knee JCF solutions associated to the largest area
under the curve reached higher peak values than the reference solution from static
optimization (on average >2.69 BW and >4.71 BW, for the first and second peaks,
respectively). On the other hand, the differences between the reference peak values and those
from the solutions resulting in the minimal area under the knee JCF curve were slimmer (within
~2 BW), with the minimal solutions being generally lower than the reference solution. This
finding underscores the fact that the solution identified via the classic implementation of the
static optimization tends to sit in the lower end of the band of feasible solutions, but it is not
necessarily associated to the minimum (peak) values.

Interestingly, although the most extreme loading conditions (lowest and largest knee JCF in
the solution band) resulted for many participants from the same strategy (i.e., set of weights in
the cost function), our results showed how — even among young adults — different individuals
may favour the activation of different muscle groups in the attempt to minimize or maximize
the loads experienced at the knee joint. While this is not surprising among the elderly [46,50],
who may be influenced by an altered/reduced subjective perception of their strength or by the
fear of falling [51], it is counterintuitive in healthy young adults who perform a simple and
repetitive motor task such as level walking. Certainly, the identification of potentially beneficial
neural strategies can lead to the definition of more effective rehabilitation programs targeting
— for example — the minimization of joint contact forces while preserving joint kinematics [52—
54].

This study has a few limitations that need to be considered. The small sample size, particularly
for the elder cohort, does not allow for a generalization of the current results. This is due to the
original design of the clinical study associated with this work and the narrow window for the
data collection. Yet, we believe that the present findings represent a good starting point for any
future (prospective) study aimed at assessing motor function in healthy adults and ageing
populations. Second, the combinations of weights assigned to the muscles in the cost function
to identify different neural strategies were inherited from Kainz et al [23], and not tailored to
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our participants. More specifically, each muscle was assigned a weight equal to 1, 10 or 100,
as identified by the MCMC algorithm. As such, the assigned weights were not muscle-specific,
possibly resulting in atypical or non-physiological muscle activations. Nonetheless, the
presented approach (MCMC sampling method combined with weighted static optimization)
allowed to identify a band of 10k solutions that minimized the overall sum of squared muscle
activations while optimizing each individual muscle to a different extent (within three orders of
magnitude), thus allowing to extensively explore the range of feasible solutions. Of note, all
the identified solutions were mechanically feasible and the predicted muscle forces were within
the physiological (tetanic) bounds. However, in the future, the use of EMG-informed or
synergy-based weights should be explored to selectively look for combinations of weights
reflecting synergistic muscle activations [55] and to exclude non-physiological muscle
behaviour. Third, in this study we used the solution bandwidth as a metric to quantify the
variability of the solutions in response to different neural strategies (combinations of weights
in the cost function) that produced the imposed kinematics. While computing the solution
bandwidth may allow to better appreciate the effect of different control strategies on the joint
loads, and possibly to shed lights on the effect of motor control variability [6,22], this metric is
not yet validated for the purpose. Therefore, we complemented our evaluation (1) by
guantifying the difference between minimal/maximal solution and reference knee JCF solution
in correspondence of the characteristic peaks, and the percent variation in muscle forces
between the same cases (minimal and maximal knee JCF) and the reference solution, and (2)
by qualitatively assessing the combination of weights associated to those extreme conditions.
Last, we employed scaled generic models which may not accurately capture some subject-
specific features of the human MSK system (e.g., muscle parameters such as tendon slack
and optimal fiber length). However, the development of personalised MSK models, which could
have partially tackled this issue (as some degrees of uricertainty on the definition of key
parameters would have persisted) would have further increased the computational cost and
overall time expenditure to complete the study (already quite substantial because of the 10k
MCMC simulations per subject).

In conclusion, our findings preliminarily showed how ageing may be linked to an exacerbation
of the consequences of suboptimal muscle control, as attested by the larger JCF solution
bands (especially at the knee joint) cbserved among the elderly compared to the young adults
when adopting different muscle activation strategies (i.e., combinations of weights in the cost
function to be optimized). in addition, the present results underscore the importance of using
EMG data to inform biomechanical computer simulations, to narrow down the solution space,
towards more physiologically plausible estimates.

METHODS
Experimental data and participants

The experimental data used in this study were previously collected as part of the Proto-Aging
study [38,48]. The study was approved by the local Ethical Committee (Comitato Etico Area
Vasta Emilia Centro: 152/2023/Sper/IOR), registered on the registry ClinicalTrials.gov
(NCT05854316) and conducted in accordance with the Declaration of Helsinki. All participants
signed a written informed consent prior to participating in the study.

The dataset hereby used is a subset of the Proto-Aging dataset and included motion capture,
ground reaction forces and surface EMG data from 20 healthy young adults and 5 elderly
participants, collected while the participants performed a calibration trial (standing in T-pose)
and a simple locomotor task, i.e. overground walking at self-selected walking speed [38]. A
minimum of 10 walking trials, characterized by clean foot strike, were collected on all
participants. The young volunteers were further asked to perform sit-to-stand, squat and stair
ascend-descent tasks.

A total of 49 retroreflective markers (Figure S7, Supplementary Files) and 16 surface EMG
sensors were respectively placed on pre-defined anatomical landmarks (as per lab procedures
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[56]) and the major lower limb muscles of both legs (9 on the dominant leg and 7 on the
contralateral limb).

For this study, to reduce the overall computational cost, we selected a sub-set of the original
dataset (15 subjects in total: 10 healthy young adults and 5 elderly participants. Table 4)

Table 4 Participants’ demographical data. The reported preferred walking speed (PWS) represents the
mean walking speed recorded in the gait lab, for each participant.

SubjectID  Height (m) Mass (kg) Age (years) Sex (F/M) PWS (m/s)
HYAO1 1.70 83 26.64 M 1.23
HYAO02 1.60 54 27.41 F 1.16
HYAO04 1.70 59 27.93 M 1.24
HYAO05 1.77 68 27.12 M 1.22
HYAO06 1.84 70 23.27 M 1.31
HYA10 1.77 77 33.57 M 1.27
HYA1l 1.54 50 34.29 F 1.14
HYA12 1.63 50 23.07 F 1.38
HYA16 1.69 59 30.82 F 1.31
HYA17 1.92 82 22.21 M 1.45

HYA (avg) 1.71+0.11 65.2+12.6 27.63+4.22 4F/6M 1.27+0.09
FREO1 1.73 80 70.13 M 1.22
FREO2 1.80 78 64.96 M 1.36
FREO3 1.80 84 69.69 M 1.24
FREO4 1.70 62 66.40 F 1.35
FREO5 1.58 74 69.03 F 1.44

S~

FRE (avg) 1.72+0.09 75.6£8.4  68.02+2.25 2F
Data processing

3M 1.32+0.09

The experimental data were initially pre-processed in Vicon Nexus v2.12 (Vicon Motion
Systems Ltd., Oxford, UK), to ensure that the marker trajectories were continuous and free
from gaps, and that the maiker labels had been correctly assigned. For each trial, the clean
and synchronized data were then exported as a C3D file and further processed in MATLAB
(v2020b) through MOtoiNMS [57].

More specifically, the EMG data were bandpass filtered (30-300 Hz, 2" order Butterworth filter,
double pass), rectified and low pass filtered (6 Hz, 2" order Butterworth filter, double pass) to
extract the linear envelopes, which were later normalized to the maximum value identified —
for each muscle - among the available trials. Marker trajectories and force plates data were
low-pass filtered at 8 Hz. Finally, the processed data were converted into a format compatible
with OpenSim (i.e., marker trajectories as TRC, force plates and EMG data as MOT files).

For more details on the data processing steps, the reader is referred to [48].
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MSK modelling and biomechanical simulations

Within OpenSim 4.3, the generic armless Full-Body model [9,37] was linearly scaled to each
participant’s size. The model comprised of 14 bodies, 20 degrees of freedom and 80 muscles
(40 per leg)t. The maximal isometric forces of all muscles were scaled based on the ratio
between the mass of the subject and that of the template generic model.

The scaled generic models were employed to perform biomechanical simulations of gait,
exploiting the OpenSim API for MATLAB. Following an inverse approach, we first estimated
the joint angles (inverse kinematics), then the external joint torques (inverse dynamics),
musculoskeletal parameters (muscle analysis), muscle forces and activations (static
optimization minimizing squared muscle activations), and joint contact forces (joint reaction
analysis). Overall, 7 trials per participant were analysed, for a total of 105 (level walking) trials.

Markov-chain Monte Carlo simulations

Following the steps outlined by Kainz et al [23] and Uhlrich et al [9], MCMC simulations were
performed to assess muscle control variability during walking. This was achieved by assigning
different weights to the muscles within the cost function to be minimized:

m
fcost = Z Wi(ai)z
i=1
where m is the number of muscles in the model, a is the muscle activation level and w the
specific weight.

In total, 10000 combinations of weights were tested, where muscles could be weighted 1, 10
or 100 (i.e., three different orders of magnitude). Of note, a simulation where all muscles are
weighted 1 corresponds to a typical static optimization simulation which minimizes the overall
sum of squared activations.

Due to the considerable computational cost associated with the simulations (on average 34
hours, per subject), MCMC simulations were performed on one walking trial per participant.
The selected trial was, for each participant, the trial for which the hip, knee and ankle joint
kinematics more closely approximaied the subject’s average values across the available trials.

A first batch of MCMC simulations where no experimental EMG data were provided as input,
henceforth named unconstrained, were thus performed. At a later stage, a second set of
MCMC simulations was performed, where experimental surface EMG data were used to inform
the simulations. More specifically, constraints were added to the dynamic equilibrium problem
to ensure EMG data tracking.

Due to the lack of EMG data from maximal effort tasks (e.g., squat, sit-to-stand) for the elderly
population, which are crucial for proper normalization of the EMG linear envelopes, such EMG-
constrained MCMC simulations were solely performed on data from the cohort of healthy
young adults.

All simulations were run on a standard workstation (Intel Xeon E-2276G 3.80 GHz, 6 core, 64
GB RAM, on Windows 10 Pro, 64-bit).

L adductor brevis, adductor longus, adductor magnus (distal, ischial, middle, proximal), biceps femoris long head,
biceps femoris short head, extensor digitorum longus, extensor hallucis longus, flexor digitorum longus, flexor
hallucis longus, gastrocnemius lateralis, gastrocnemius medialis, gluteus maximus (superior, middle, inferior),
gluteus medius (anterior, middle, posterior), gluteus minimus (anterior, middle, posterior), gracilis, iliacus,
peroneus brevis, peroneus longus, piriformis, psoas, rectus femoris, sartorius, semimembranosus, semitendinosus,
soleus, tensor fascia lata, tibialis anterior, tibialis posterior, vastus intermedius, vastus medialis, vastus lateralis.
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Data Analyses

The predicted muscle forces and JCFs from OpenSim were interpolated to vectors of 101
points (to express the time-dependent variables as percentage of the stance phase, where the
JCFs are non-negligible) and normalized to each subject’s bodyweight to enable comparisons
among individuals.

The knee JCF profiles were initially visually inspected to identify any abnormal behaviour (e.g.,
excessive values or discontinuities). A quantitative assessment followed, (1) to determine the
bandwidth of the solution space when the MCMC approach was implemented and (2) to detect
and quantify any differences between the unconstrained and EMG-constrained MCMC
simulations.

The solution bandwidth was calculated both in correspondence of the two characteristic peaks
(of the vertical component of the ground reaction forces) and across the entire analysed
windows, as the difference in magnitude between the highest and lowest values. In addition,
the predicted JCFs were sorted and organized in quantiles, to identify the most recurrent
values across the 10k solutions (i.e., 10" to 90" percentile). For completeness, the latter
analysis was also conducted on the JCFs predicted at the hip and ankle joints. Furthermore,
to assess the effect of maximising/minimising the knee JCF on the load experienced by the
other joints, for each participant, we computed the percent difference between the area under
the hip/ankle JCF solution associated to the maximum and minimum knee JCFs and the
corresponding maximal/minimal area under the hip or ankle JCFs.

To evaluate the effect of the EMG constraint on the knee JCF sclutions, for each HYA subject,
we first computed the ratio between the solution bandwidth resulting from the EMG-
constrained and unconstrained simulations, using the unconstrained values as reference:

bandwidth ratio = bW/,
" BWynconstrained

where bw is the average bandwidth across the stance phase of the gait cycle for either the
EMG-constrained or unconstrained simulations.

Then, we calculated the relative area difference (RAD) between each unconstrained and
corresponding (i.e., with the same set of weights) EMG-constrained simulation. The latter
analysis, which was solely performed on the data from the healthy young cohort (see Markov-
chain Monte Carlo simulaticns section), was repeated for all 10000 combinations of weights,
and the mean value per participant was then extracted. A positive RAD value means a larger
area under the knee JCF curve when EMG data are provided as input; vice versa for negative
RAD values.

In addition, for the MCMC unconstrained simulations, we evaluated the estimated forces
generated by the ten primary muscles crossing the knee joint (i.e. Vastus lateralis — VL, vastus
medialis — VM, Rectus femoris — RF, Bices Femoris — BFL, Sartorius — SART, Tensor Fascia
Lata — TFL, Semimebranosus — SM, Semitendinosus — ST, Lateral Gastrocnemius — LG,
Medial Gastrocnemius - MG). More specifically, we computed the cumulative area under the
curve (i.e., the impulse) resulting (1) from the static optimization solution (with all muscle
weights set to 1, hereby used as reference), and (2) from the best and worst MCMC simulations
(corresponding to the cases where the knee JCFs were respectively the smallest and the
largest in the solution band, among the 10000 simulations). The percent variation with respect
to the static optimization solution was thus extracted for all muscles and subjects, and reported
in boxplots for a qualitative assessment. For the same conditions (minimal and maximal area
under the knee JCF profile) we further computed, in correspondence of the two characteristic
peaks, the distance from the reference solution.

Last, for all subjects, we extracted the weight assigned to each muscle for the solutions
associated with the largest and smallest knee JCF, and generated a heatmap to appreciate
the various strategies adopted by the participants to maximise or minimize the knee joint loads.
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Of note, as the use of EMG data was associated with some noise and artifacts at the beginning
of the stance phase, all the analyses performed to compare EMG-constrained and
unconstrained simulations were conducted on a narrower window (i.e., between the two
characteristic peaks of the vertical component of the ground reaction forces measured by the
force plates, not on the entire stance phase).

Statistical analysis

A Wilcoxon signed rank test was performed to determine whether the differences in knee JCFs
bandwidth observed between unconstrained and EMG-constrained simulations in the HYA
cohort were statistically significant. The same test was also performed to compare the RAD
values, and to identify any significant differences in the mean solution bandwidths across the
stance phase of the gait cycle between populations. In both cases, the significance level (p-
value) was set to 0.05. For the remaining sets of results and analyses, only descriptive
statistics was used, due to the limited size of the elderly cohort.

Code availability

The Monte Carlo simulations implementing the unconstrained and EMG-constrained Static
Optimization are based on the codes by Uhlrich et al [9] and Kainz et al [23], which can be
found at the following links: https://github.com/stanfordnmbl/MatlabStaticOptimization and
https://github.com/HansUniVie/MuscleCoordinationRetraining. Additional scripts hereby
employed to analyse the results are available at:
https://github.com/GiorgioD89/ProtoAgingMCMC.

REFERENCES
1. Ting, L. H. & McKay, J. L. Neuromechanics of muscle synergies for posture and movement.

Curr Opin Neurobiol 17, 622—-628 (2007).

2. Hirashima, M. & Oya, T. How does the brain solve muscle redundancy? Filling the gap
between optimization arid muscle synergy hypotheses. Neuroscience Research 104, 8087

(2016).
3. Davis, I. S. & Futrell, E. Gait Retraining: Altering the Fingerprint of Gait. Physical Medicine

and Rehabilitation Clinics 27, 339-355 (2016).

4. Gerbrands, T. A., Pisters, M. F. & Vanwanseele, B. Individual selection of gait retraining
strategies is essential to optimally reduce medial knee load during gait. Clinical

Biomechanics 29, 828-834 (2014).

5. Sartori, M., Llyod, D. G. & Farina, D. Neural Data-Driven Musculoskeletal Modeling for
Personalized Neurorehabilitation Technologies. IEEE Transactions on Biomedical

Engineering 63, 879-893 (2016).

20


https://github.com/stanfordnmbl/MatlabStaticOptimizationM
https://github.com/HansUniVie/MuscleCoordinationRetraining
https://github.com/GiorgioD89/ProtoAgingMCMC

6. Mulla, D. M. & Keir, P. J. Neuromuscular control: from a biomechanist’s perspective. Front.

Sports Act. Living 5, (2023).

7. Fregly, B. J. A Conceptual Blueprint for Making Neuromusculoskeletal Models Clinically

Useful. Applied Sciences 11, 2037 (2021).

8. van Veen, B., Montefiori, E., Modenese, L., Mazza, C. & Viceconti, M. Muscle recruitment
strategies can reduce joint loading during level walking. Journal of Biomechanics 97,

109368 (2019).

9. Uhlrich, S. D., Jackson, R. W., Seth, A., Kolesar, J. A. & Delp, S. L. Muscle coordination
retraining inspired by musculoskeletal simulations reduces knee contact force. Sci Rep 12,

9842 (2022).

10. Abdullah, M., Hulleck, A. A., Katmah, R., Khalaf, K. & EI-Rich, M. Multibody
dynamics-based musculoskeletal modeling for gait analysis: a systematic review. J

NeuroEngineering Rehabil 21, 178 (2024).

11. Bersani, A., Davico, G. & Viceconti, M. Modeling Human Suboptimal Control: A

Review. Journal of Applied Biomechanics 39, 294-303 (2023).

12.  Killen, B. A, Falisse, A., De Groote, F. & Jonkers, I. In Silico-Enhanced Treatment and
Rehabilitation Planning for Patients with Musculoskeletal Disorders: Can Musculoskeletal
Modelling and Dynamic Simulations Really Impact Current Clinical Practice? Applied

Sciences 10, 7255 (2020).

13.  Crowninshield, R. D. & Brand, R. A. A physiologically based criterion of muscle force

prediction in locomotion. J Biomech 14, 793-801 (1981).

14, Delp, S. L. et al. OpenSim: Open-Source Software to Create and Analyze Dynamic
Simulations of Movement. IEEE Transactions on Biomedical Engineering 54, 1940-1950

(2007).

21



15.  Seth, A. et al. OpenSim: Simulating musculoskeletal dynamics and neuromuscular

control to study human and animal movement. PLoS Comput Biol 14, e1006223 (2018).

16. Pizzolato, C. et al. CEINMS: A toolbox to investigate the influence of different neural
control solutions on the prediction of muscle excitation and joint moments during dynamic

motor tasks. Journal of Biomechanics 48, 3929-3936 (2015).

17. Meyer, A. J., Patten, C. & Fregly, B. J. Lower extremity EMG-driven modeling of
walking with automated adjustment of musculoskeletal geometry. PLOS ONE 12, e0179698

(2017).

18. Li, H. & Rong, Q. Cost function criteria using muscle synergies: Exploring the potential
of muscle synergy hypothesis. Computer Methods and Programs in Biomedicine 250,

108170 (2024).

19. Hammond, C. V. et al. The Neuromusculoskeletal Modeling Pipeline: MATLAB-based
model personalization and treatment optimization functionality for OpenSim. J

NeuroEngineering Rehabil 22, 112 (2025).

20. Rabbi, M. F. et al. Muscle synergy-informed neuromusculoskeletal modelling to
estimate knee contact forces in children with cerebral palsy. Biomech Model Mechanobiol

23, 1077-1090 (2024).

21. Damonte, F., Khanapuri, V. V., Durandau, G. & Sartori, M. Optimization of a Synergy-
Driven Musculoskeletal Model to Estimate Muscle Excitations and Joint Moments of the
Ankle Joint at Different Walking Speeds. in 2024 10th IEEE RAS/EMBS International
Conference for Biomedical Robotics and Biomechatronics (BioRob) 575-580 (2024).

doi:10.1109/BioR0b60516.2024.10719730.

22



22.  Sohn, M. H. & Ting, L. H. The cost of being stable: Trade-offs between effort and
stability across a landscape of redundant motor solutions. 477083 Preprint at

https://doi.org/10.1101/477083 (2018).

23. Kainz, H. et al. A framework based on subject-specific musculoskeletal models and
Monte Carlo simulations to personalize muscle coordination retraining. Sci Rep 14, 3567

(2024).

24.  van Veen, B. C., Mazza, C. & Viceconti, M. The Uncontrolled Manifold Theory Could
Explain Part of the Inter-Trial Variability of Knee Contact Force During Level Walking.
IEEE Transactions on Neural Systems and Rehabilitation Engineering 28, 1800-1807

(2020).

25. Bennett, K. J. et al. EMG-Informed Neuromusculoskeletal Models Accurately Predict
Knee Loading Measured Using Instrumented Irmplants. IEEE Transactions on Biomedical

Engineering 69, 2268-2275 (2022).

26.  Johnson, R. T., Lakeland, D. & Finley, J. M. Using Bayesian inference to estimate
plausible muscle forces in musculoskeletal models. Journal of NeuroEngineering and

Rehabilitation 19, 34 (2022).

217. Bersani, A. et al. Myobolica: A Stochastic Approach to Estimate Physiological Muscle
Control Variability. IEEE Transactions on Neural Systems and Rehabilitation Engineering

32, 3270-3277 (2024).

28. Martelli, S., Calvetti, D., Somersalo, E. & Viceconti, M. Stochastic modelling of muscle

recruitment during activity. Interface Focus 5, 20140094 (2015).

29. Mongold, S. J. et al. Aging-related changes in neuromuscular control strategies and their

influence on postural stability. Sci Rep 15, 30127 (2025).

23



30.  Christou, E. A. Aging and Variability of Voluntary Contractions. Exerc Sport Sci Rev

39, 77-84 (2011).

31.  Seidler, R. D. et al. Motor Control and Aging: Links to Age-Related Brain Structural,

Functional, and Biochemical Effects. Neurosci Biobehav Rev 34, 721-733 (2010).

32. Price, P. D. B., Gissane, C. & Cleather, D. J. The influence of pain on tibiofemoral joint
contact force and muscle forces in knee osteoarthritis patients during stair ascent.

Engineering Reports 2, e12227 (2020).

33.  Van Rossom, S. et al. The biomechanical fingerprint of hip and knee osteoarthritis

patients during activities of daily living. Clinical Biomechanics 101, 105858 (2023).

34.  Trepczynski, A. et al. Impact of antagonistic muscle co-contraction on in vivo knee

contact forces. Journal of NeuroEngineering and Rehabhilitation 15, 101 (2018).

35. Du, M. et al. Tibio-Femoral Contact Force Distribution of Knee Before and After Total
Knee Arthroplasty: Combined Finite Eiement and Gait Analysis. Orthopaedic Surgery 14,

1836-1845 (2022).

36. Kowalski, E., Peiegrinelli, A. R. M., Catelli, D. S., Dervin, G. & Lamontagne, M.
Medial and lateral knee contact forces and muscle forces during sit-to-stand in patients one
year after unilateral total knee arthroplasty. Medical Engineering & Physics 134, 104262

(2024).

37. Rajagopal, A. et al. Full-Body Musculoskeletal Model for Muscle-Driven Simulation

of Human Gait. IEEE Transactions on Biomedical Engineering 63, 2068-2079 (2016).

38. Baruffaldi, F. et al. Proto-Aging data collection: a comprehensive dataset to assess
lower limb muscle force and function in healthy young and elderly adults. Zenodo

https://doi.org/10.5281/zenodo.15100077 (2025).

24



39.  Sartori, M. et al. Toward modeling locomotion using electromyography-informed 3D

models: application to cerebral palsy. WIREs Systems Biology and Medicine 9, e1368 (2017).

40.  Veerkamp, K. et al. The effects of electromyography-assisted modelling in estimating
musculotendon forces during gait in children with cerebral palsy. Journal of Biomechanics

92, 45-53 (2019).

41. Falisse, A., Van Rossom, S., Jonkers, I. & De Groote, F. EMG-Driven Optimal
Estimation of Subject-SPECIFIC Hill Model Muscle—Tendon Parameters of the Knee Joint

Actuators. IEEE Transactions on Biomedical Engineering 64, 2253-2262 (2017).

42. Davico, G. et al. Multi-level personalization of neuromusculoskeletal models to
estimate physiologically plausible knee joint contact forces in children. Biomech Model
Mechanobiol https://doi.org/10.1007/s10237-022-01626-w (2022) doi:10.1007/s10237-

022-01626-w.

43.  Princelle, D., Viceconti, M. & Davico, G. EMG-Informed Neuromusculoskeletal
Simulations Increase the Accuracy of the Estimation of Knee Joint Contact Forces During
Sub-optimal Level Walking. Annals of Biomedical Engineering

https://doi.org/10.1007/s10439-025-03713-2 (2025) doi:10.1007/s10439-025-03713-2.

44, Piasecki, M., Ireland, A., Jones, D. A. & McPhee, J. S. Age-dependent motor unit

remodelling in human limb muscles. Biogerontology 17, 485-496 (2016).

45.  Oliveira, A. S. et al. The cognitive complexity of concurrent cognitive-motor tasks

reveals age-related deficits in motor performance. Sci Rep 8, 6094 (2018).

46. Hunter, S. K., Pereira, H. M. & Keenan, K. G. The aging neuromuscular system and

motor performance. Journal of Applied Physiology 121, 982-995 (2016).

47.  Seidler, R. D. et al. Motor control and aging: links to age-related brain structural,

functional, and biochemical effects. Neurosci Biobehav Rev 34, 721733 (2010).

25



48. Davico, G., Labanca, L., Gennarelli, I., Benedetti, M. G. & Viceconti, M. Towards a
comprehensive biomechanical assessment of the elderly combining in vivo data and in silico

methods. Front. Bioeng. Biotechnol. 12, (2024).

49.  Calvetti, D., Arnold, A. N., Hoover, A. P., Davico, G. & Somersalo, E. Separable
hierarchical priors applied to analysis of synergies in human locomotion. Philosophical
Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences 383,

20240055 (2025).

50. Bailey, C. A. et al. Does variability in motor output at individual joints predict stride
time variability in gait? Influences of age, sex, and plane of motion. Journal of Biomechanics

99, 109574 (2020).

51. Ayoubi, F., Launay, C. P., Annweiler, C. & Beauchet, O. Fear of Falling and Gait
Variability in Older Adults: A Systematic Review and Meta-Analysis. Journal of the

American Medical Directors Association 16, 14-19 (2015).

52. Pizzolato, C. et al. Biofeedback for Gait Retraining Based on Real-Time Estimation of
Tibiofemoral Joint Coniact Forces. IEEE Transactions on Neural Systems and

Rehabilitation Engineering 25, 1612-1621 (2017).

53.  De Groote, F. & Falisse, A. Perspective on musculoskeletal modelling and predictive
simulations of human movement to assess the neuromechanics of gait. Proceedings of the

Royal Society B: Biological Sciences 288, 20202432 (2021).

54.  van Rossom, S. et al. Knee Joint Loading in Healthy Adults During Functional
Exercises: Implications for Rehabilitation Guidelines. Journal of Orthopaedic & Sports

Physical Therapy 48, 162-173 (2018).

55.  Zhao, J. et al. A musculoskeletal model driven by muscle synergy-derived excitations

for hand and wrist movements. J. Neural Eng. 19, 016027 (2022).

26



56. Leardini, A. et al. A new anatomically based protocol for gait analysis in children. Gait

Posture 26, 560-571 (2007).

57. Mantoan, A. et al. MOtoNMS: A MATLAB toolbox to process motion data for

neuromusculoskeletal modeling and simulation. Source Code Biol Med 10, 12 (2015).

ACKNOWLEDGEMENTS

The authors would like to thank Ms. Chiara Pollicini, Mr. Maurizio Ortolani and Ing. Alberto
Leardini for their support during the data collection. The clinical study associated to this work
was supported by the Italian Ministry of Health, under the Aging Network of Italian Research
Hospitals (IRCCS)—RCR-2022-23682286-RETE AGING—*Next-Generation Promising
(NGP): a new network approach to frailty, multimorbidity, and age-related disease in the era
of precision medicine”.

AUTHOR CONTRIBUTIONS

GD: Study conceptualization, study management, data collection, data processing, data
curation, data analysis, writing — original draft and review; ET: investigation, data analysis,
writing — review; LL: data collection, writing — review; MGB: Study conceptualization, funding;
MV: Study conceptualization, writing — review.

Prof. Benedetti sadly passed away in October 2024. Given her central role in the study leading
to this work, Prof. Benedetti is listed among the authors. Written consent to leave her name on
the manuscript was granted to the corresponding author by Prof. Benedetti’s next of kin.

DATA AVAILABILITY STATEMENT

The input data and models used to perform the Monte Carlo simulations are available at:
https://github.com/GiorgioDR89/ProtoAgingMCMC. The experimental data associated to this
work, and collected as pait of the ProtoAging study [48], are stored on Zenodo and may be
made available upon reasonable requests to the author:
https://doi.org/10.5281/zen0d0.15100077 (Proto-Aging data collection).

ADDITIONAL INFORMATION
FUNDING

Giorgio Davico has received funding from the European Union - NextGenerationEU through
the Italian Ministry of University and Research under PNRR - M4C2-11.3 Project PE_00000019
“HEAL ITALIA” to Marco Viceconti CUP J33C22002920006.

COMPETING INTEREST

Giorgio Davico has received funding from the European Union - NextGenerationEU through
the Italian Ministry of University and Research under PNRR - M4C2-11.3 Project PE_00000019
“HEAL ITALIA” to Marco Viceconti CUP J33C22002920006.

The other authors declare that they do not have any financial or personal relationships with
other people or organisations that could have inappropriately influenced this study.

FIGURE LEGENDS

Figure 1 Example of knee joint contact forces predicted via unconstrained (black) and
EMG-constrained (blue) simulations for one healthy young adult (HYA). In white, the
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reference solution resulting from setting all weights to 1 (traditional static optimization). The
red lines represent the instants corresponding to the peak vertical ground reaction forces. On
the right, a radar plot showing for all HYA subjects the ratio between the solution bandwidth of
the unconstrained simulations (reference) and the EMG-constrained simulations

Figure 2 Knee joint contact forces resulting from the unconstrained simulations. Values
are normalized to each subjects’ bodyweight. The entire solution bands are reported in light
colours. Darker shades refer to the 10" to 90" percentiles. The dashed lines correspond to the
median solutions.

Figure 3 Hip joint contact forces resulting from the unconstrained simulations. Values
are normalized to each subjects’ bodyweight. The entire solution bands are reported in light
colours. Darker shades refer to the 10™ to 90™ percentiles. The dashed lines correspond to the
median solutions.

Figure 4 Ankle joint contact forces resulting from the unconstrained simulations. Values
are normalized to each subjects’ bodyweight. The entire solution bands are reported in light
colours. Darker shades refer to the 10" to 90" percentiles. The dashed lines correspond to the
median solutions.

Figure 5 Effect of maximising or minimising the knee JCFs on the hip and ankle loads.
Barplot showing the percent difference with respect to the minimal or maximal area under the
hip and ankle joint contact forces, for the solutions resulting in the minimal and maximal knee
JCF. The shaded areas represent the mean and standard deviaticin across the two populations
(blue = young, red = elderly). AUC = area under the curve, JCF = joint contact force, wrt = with
respect to.

Figure 6 Barplot showing the difference beiween the solutions resulting in maximal
(Max) and minimal (Min) knee joint contact force and the reference static optimization
solution (Ref), among the young (HYA, blue) and elderly (FRE, red) participants. The
shaded areas represent the mean aind starnidard deviation across the two populations (blue =
young, red = elderly). All values are expressed in bodyweights (BW).

Figure 7 Boxplot showing the percent muscle force variation between the reference
static optimization sclution and the solution resulting in minimal knee joint contact
forces, for the primary muscles spanning the knee joint among the young (HYA, blue)
and elderly (FRE, red) participants. The reference solution corresponds to the solution
obtained by setting all muscle weights to 1 (standard static optimization objective function).

Figure 8 Boxplot showing the percent muscle force variation between the reference
static optimization solution and the solution resulting in maximal knee joint contact
forces, for the primary muscles spanning the knee joint among the young (HYA, blue)
and elderly (FRE, red) participants. The reference solution corresponds to the solution
obtained by setting all muscle weights to 1 (standard static optimization objective function).

Figure 9 Combinations of weights associated with the minimal (top) and maximal
(bottom) knee joint contact forces, across participants. The numbers in brackets indicate
the number of subjects for whom the specific strategy was associated to minimal or maximal
knee joint loading. * = healthy young adults, ° = elderly participants.

TABLE LEGENDS

Table 1 Relative area difference (RAD) between the knee joint contact forces predicted
via unconstrained and EMG-constrained simulations. Differences are reported, for each
participant, as percent values, where ‘Increase’ means larger area under the curve for the
EMG-constrained simulation and ‘Decrease’ means larger area under the curve for the
unconstrained simulation. The number of simulations (out of 10000) for which either an
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increased or decreased RAD value was observed is reported for completeness. Stars indicate
the subjects for whom EMG-constrained simulations returned JCFs significantly larger than
unconstrained simulations (Wilcoxon signed rank test, p = 0.05).

Table 2 Solution bandwidth, resulting from the unconstrained simulations, for the
elderly (FRE) and young participants (HYA). All values, computed in correspondence with
the two characteristic peaks of the gait cycle, are expressed in bodyweights (BW). In square
brackets are reported the minimum and maximum knee joint contact forces in correspondence
of the peaks.

Table 3 Hip, knee and ankle solution bandwidths resulting from the unconstrained
simulations. Values are reported in units of bodyweight (BW), and represent the individual
mean and standard deviation across the stance phase of the gait cycle for each elder (FRE)
and young participants (HYA). * = p<0.05 (between populations)

Table 4 Participants’ demographical data. The reported preferred walking speed (PWS)
represents the mean across trials, for each participant.

29



