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Abstract

:

This study aims to evaluate the consistency of musculoskeletal modelling outcomes during walking in chronic post-stroke patients, focusing on both affected and unaffected sides. Understanding the specific muscle forces involved is crucial for designing targeted rehabilitation strategies to improve balance and mobility after a stroke. Musculoskeletal modelling provides valuable insights into muscle and joint loading, aiding clinicians in analysing essential biomarkers and enhancing patients’ functional outcomes. However, the repeatability of these modelling outcomes in stroke gait has not been thoroughly explored until now. Twelve post-stroke, hemiparetic survivors were included in the study, which consisted of a gait analysis protocol to capture kinematic and kinetic variables. Two generic full body MSK models—Hamner (Ham) and Rajagopal (Raj)—were used to compute joint angles and muscle forces during walking, with combinations of two muscle force estimation algorithms (Static Optimisation (SO) and Computed Muscle Control (CMC)) and different joint degrees-of-freedoms (DOF). The multiple correlation coefficient (MCCoef) was used to compute repeatability for all forces, grouped based on anatomical function. Regardless of models and DOFs, the mean minimum (0.75) and maximum (0.94) MCCoefs denote moderate-to-excellent repeatability for all muscle groups. The combination of the Ham model and SO provided the most repeatable muscle force estimations of all the muscle groups except for the hip flexors, adductors and internal rotators. DOF configuration did not generally affect muscle force repeatability in the Ham–SO case, although the 311 seemed to relate to the highest values. Lastly, the DOF setting had a significant effect on some muscle groups’ force output, with the highest magnitudes reported for the 321 and 322 of non-paretic and paretic hip adductors and extensors, knee flexors and ankle dorsiflexors and paretic knee flexors. The primary findings of our study can assist users in selecting the most suitable modelling workflow and encourage the widespread adoption of MSK modelling in clinical practice.
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1. Introduction


Hemiparetic, post-stroke gait research has made a substantial effort to understand neuromuscular deficiencies and enhance post-stroke rehabilitation [1,2]. In particular, rigid-body biomechanics analysis has provided crucial information about how cadence, walking speed, stability and gait symmetry are altered [3,4,5,6] in stroke gait, providing an indirect means of assessing individual gait patterns. Moreover, quantitative gait analysis has offered measurable metrics to evaluate hemiplegic gait, such as joint angles and moments [7], power [8] and work [9,10,11] to study the effect of orthoses [3] or underlying muscle function. Comprehending the specific forces generated by individual muscles plays a crucial role in designing optimal rehabilitation plans aimed at improving balance and mobility post-stroke. Given the absence of a direct method for measuring muscle forces during movement, employing musculoskeletal modelling is imperative. Musculoskeletal (MSK) modelling addresses the limitations of conventional biomechanical analysis by integrating mathematical approaches to resolve the inherent challenge of distributing external loads among a joint’s muscle groups, commonly known as the muscle redundancy problem [12].



MSΚ modelling techniques have facilitated biomechanics research on deciphering human gait, whether it be healthy or pathological, as a means of improving clinical reasoning and treatment [13]. These usually involve the recruitment of detailed MSΚ models and rigorous computational simulations of recorded motion, based on rigid-body inverse kinematics and dynamics methods. Their utmost value lies in the wealth of information on muscle and joint function, which can make estimates based on musculotendon length/moment arm [14] and individual muscle forces [15,16] to joint forces [12,17] and cartilage pressure distributions [18]. According to our recent review [19], a variety of MSΚ modelling methods were used to assess muscle function, optimise ankle–foot orthoses prescription or predict the effect of treatment, demonstrating the power of such analyses to study individual post-stroke gait [20].



The two most common methods include Static Optimisation (SO) and Computed Muscle Control (CMC) [21]. SO calculates muscle forces based on an inverse dynamics approach at each time frame, minimising muscle effort as the sum of squared muscle activations [22]; CMC also utilises SO, however in a recursive step-wise way while trying to find the set of muscle forces that allow the MSΚ model to follow calculated and dynamically consistent kinematics, which can differ slightly from the original. SO has not been validated in stroke patients, whereas CMC showed varying levels of correlations between simulated and experimental muscle activation profiles during post-stroke late-swing and pre-swing phases [23], while similar results were found by Jansen et al. [24] during the whole gait cycle. Comparisons between muscle force estimations show that CMC generally produces higher values, possibly due to the inclusion of muscle contraction dynamics and passive elements [25]. Nevertheless, SO remains the most preferable muscle-force estimation method [21], being the most efficient and producing similar results to CMC during healthy walking.



There has been no prior assessment of the repeatability of MSK outcomes in the context of stroke-related gait, which builds on the restricted integration of such methods into clinical practice, with the latter attributed to their complexity and skill-demanding characteristics [26]. Consistency in the methods used to calculate muscle forces is crucial for the stroke population exhibiting larger variability on key biomechanical parameters [27]; thus, a proper estimation may represent a stronger validation of the methods. Previous research has shown excellent repeatability for almost all joint angles, moments and powers in the gait of cerebral-palsy [28] and post-stroke patients [29] (the same group used in this study) using open-source software Opensim v. 4.3 [30] and commercial software (Vicon Nexus®) respectively. However, small changes in joint angles or moments can highly impact calculated muscle forces [31,32,33], but its effect on their repeatability is not yet known, limiting scientific reasoning on the potential smallest treatment effect. Previous work of our group has used Opensim and SO to identify how a training program has impacted lower limb force generation in one patient of the same group of stroke patients used in this study, although our conclusions could have been confounded by the unknown variability/repeatability in muscle force estimations. Also, different MSK models may impose extra variability in estimated parameters, due to discrepancies in defined coordinate systems, number of segments and muscle properties [34,35]. Selection of muscle force estimation algorithms could be another source of variability. To date, only one study researched on reproducibility of muscle forces based on a single model and muscle force estimation algorithm, however only on pedalling exercise on healthy individuals [36].



To address this literature gap, this study builds upon our findings on repeatability of joint angles/moments/powers during post-stroke walking of the same group. It also aims to assess the repeatability of muscle force calculations as derived from two popular full body MSK models with different sets of unlocked knee/ankle DOFs, and the two mostly used and computationally efficient muscle force estimation algorithms, SO and CMC. The main goal is to identify the best possible combination with the highest repeatability among the possible choices to model stroke gait with different research goals.




2. Materials and Methods


2.1. Participants


Twelve post-stroke, hemiparetic survivors were included as part of our previous study [29] (Table 1), consisting of a gait analysis protocol to capture kinematic and kinetic variables. The study was approved by the Institutional Research Ethics Committee of the Democritus University of Thrace and informed consent was obtained from all subjects involved in the study. The criteria for inclusion comprised individuals who had experienced a stroke in the prior 12–18 months; exhibited mild motor impairment without ataxia or sensory deficits; could walk continuously for at least 20 m unaided or without orthoses; demonstrated the capacity to comprehend and adhere to straightforward verbal instructions; lacked any prior history of neuromuscular, musculoskeletal or severe cardiovascular disorders; possessed adequate vision.




2.2. Motion Capture


Prior to recording, retro-reflective markers were placed on anatomical positions according to the Vicon Plug-in-Gait lower-body protocol [37]. The motion analysis system comprised six infrared cameras (Vicon MX 0306012, Oxford, UK) and two ground embedded force plates (type 9281B11 and 9281CA, Kistler Instruments AG, Winterthur, Switzerland) along a 10 m straight walkway, synchronously recording marker trajectories and ground reaction forces at 100 and 1000 Hz, respectively (Figure 1). The participants attended one session, where they were instructed to walk barefoot along the walkway in their self-selected (natural) speed, alternating directions. To measure their natural walking speed, an electronic timer was employed, and was connected to two photocells positioned 3 m apart at the midpoint of the walkway. A trial was deemed successful if either foot hit one force plate during a full gait cycle (heel strike to ipsilateral heel strike). Finally, five trials for each lower limb were used for further analysis.




2.3. Musculoskeletal Modelling


2.3.1. Muscle Skeleton Models


Free open-source software Opensim 4.3 [38] was used for all MSK modelling routines. Two generic full body MSK models were employed—Hamner (Ham) [39] and Rajagopal (Raj) [40]—and were linearly scaled to each participant’s anthropometry based on a static trial after their torso and hands were condensed to the pelvis (Figure 1). The Ham model incorporates torso and arm segments in the novel model of Delp et al. [41] who developed a lower limb model utilising parameter values for muscle–tendon units primarily acquired from five cadavers. The Raj model builds upon the foundation laid by Arnold et al. [42], who expanded the Delp model by enhancing bone geometry and incorporating muscle architecture based on a broader dataset derived from 21 cadavers. The standard Hill-type model is implemented in both models. Both MSK models have almost similar muscles assigned to the same muscle groups, defined by their anatomical function. The main difference is the definition of the adductor magnus muscle; that is, the Raj model has four instead of three parts as in the Ham model, with the latter including the pectineus muscle, which has a similar function to the magnus proximal of the former. For further information, see Supplementary Material Table S1. Different configurations of unlocked degrees-of-freedom (DOF) were allowed in both models, mainly by keeping all three DOFs at the hip joint and sagittal DOF at the knee and ankle joint, allowing the knee abduction/adduction, rotation and ankle eversion/inversion to vary. Hence, each configuration was named 3-k-l, where k and l are the numbers of knee and ankle DOFs, respectively.




2.3.2. Musculoskeletal Modelling


Joint kinematics were calculated with the Inverse Kinematics Tool by solving a weighted least squares optimisation problem with the goal of minimising marker errors. The calculated joint angles were used along with ground reaction forces as inputs to compute muscle activations with Static Optimisation (SO) and Computed Muscle Control (CMC) tools in Opensim. In SO, muscle forces are computed at every moment of the movement as a function of the activation, maximal isometric force and moment arm, aiming to instantaneously minimise the total squared muscle activation. A quadratic optimisation criterion was employed, as it has demonstrated the highest concordance between electromyography (EMG) and muscle activations. CMC integrates SO with feedforward and feedback controls to determine muscle activations and, consequently, muscle forces, taking into consideration muscle activation and contraction dynamics [43].





2.4. Data Processing and Statistics


Muscle forces were calculated during each gait cycle, which was defined as the time window between two consecutive ipsilateral heel strikes. Then, all muscle force outcomes were normalised to 101 points using quadratic interpolation with the python package, scipy [44].



Multiple correlation coefficient [45] (MCCoef) was used as a repeatability measure of muscle forces computed among all five gait cycles for each leg (paretic and non-paretic), which were then averaged between all cycles and subjects. MCCoef is a waveform similarity statistical approach typically used to assess repeatability, taking into account the whole curve of a biomechanical outcome. MCCoef values above 0.90 are excellent, values of 0.8–0.9 are good, values of 0.65–0.8 are moderate and values of <0.65 are poor. To avoid the excessive output of results based on a single muscle output, which can be confusing to the average reader, MCCoef was applied after the summation of muscle forces based on their anatomical function and plane of movement. Such categorisation can be crucial to rehabilitation experts who design training programs that, by definition, require muscles to work synergistically.





3. Results


The distribution of the MCCoef values for all muscle groups and sides were not normal, thus the effect of the combination model–DOF–optimisation algorithm was not tested and the discussion about the results will be qualitative only. Maximum (minimum) repeatability measures for each muscle group and side (paretic and non-paretic) are shown in Table 2; they all show excellent repeatability of muscle force calculations, except for the ankle dorsiflexors of the non-paretic side, which showed good repeatability (mean MCCoef = 0.85). Minimum repeatability measures for both sides show generally good-to-moderate repeatability (range: 0.67–0.87) and poor repeatability for the ankle dorsiflexors group (0.64). No meaningful differences between the paretic and non-paretic side have been found. Next, the Hamner model evidently produced the most repeatable results for most muscle groups, except for the hip flexors, adductors and internal rotators. No conclusion can be drawn as to the worst performing model, since both models are almost equally related to minimum repeatability. The most frequent DOF configuration related to higher MCCoef was the simplest 311 (11 out of 20); that is, with only knee flexion/extension and ankle plantarflexion/dorsiflexion. However, other configurations with a focus on knee DOF variations relate to high MCCoef. On the contrary, minimum repeatability is related to the most complex configuration, in which all three knee and two ankle DOFs are free. Moreover, the dominant optimisation routine with the highest repeatability was found to be SO, except for CMC combined with the Raj model in the case of hip adductors. Instead, CMC was found to provide the lowest repeatability for all muscle groups, except the hip flexors. Lastly, the optimal combination of model–DOF–optimisation appears to be Ham–311–SO, providing highly reproducible muscle forces in four cases, being the hip abductors, hip external rotators and ankle dorsiflexors/plantarflexors. The same DOF–SO configuration had excellent reliability with the Raj model in the case of hip flexors.



The combination of Ham–SO also produced excellent repeatability results with more complex DOF configurations in the case of knee flexors/extensors and hip extensors (CMC: 0.95–0.96). Thus, we further explored the effect of the DOF variation on repeatability using the Hamner model and SO optimisation method (Table 3). Changes in peak muscle force output are also reported to offer a broader view as to how DOF variation alters muscle force production per muscle group. Muscle forces are normalised to body weight. The Friedman chi-square test was used to study the effect of DOF on MCCoefs and peak muscle forces after identifying abnormal distributions for almost all variables with the Shapiro–Wilk test. The DOF effect on CMC values was found to be significant (p < 0.05) only for the case of knee extensors and ankle dorsiflexors for both sides, whereas the effect on peak muscle forces was found to be significant in the case of non-paretic and paretic hip adductors and extensors, knee flexors and ankle dorsiflexors and paretic knee flexors. Post hoc comparisons were performed (a = 0.05) using a pairwise Mann–Whitney U-test when significant interactions were found. Statistically significant differences of CMC values are reported only for the DOF setting with the highest MCCoef (Table 2). Moreover, statistically significant differences between different DOFs for each muscle group are depicted as letters in the respective figure (Figure 2). The data supporting Figure 2 are included as Supplementary Material (Supplementary Table S2).



Lastly, it needs to be reported that the Ham model was more suitable for CMC than SO, with an average of 2 failed (not finished) simulations for the former and 21 failed simulations for the latter, among the different DOF settings. On the contrary, the Raj model produced 0 failed simulations with SO and, on average, 11 failed simulations with CMC.




4. Discussion


MSK modelling has proven to be valuable in addressing functional impairments by estimating parameters that are challenging to measure directly in vivo. It enables the analysis of crucial MSK biomarkers, aiding in optimising rehabilitation, categorising patients, characterising diseases, pre-planning surgeries and designing assistive devices [13]. The current study on post-stroke gait slightly favours the selection of the Hamner over the Rajagopal model as more suitable; however, Static Optimisation yields more repeatable results than Computed Muscle Control. Moreover, different DOF variations can impact repeatability and peak values of muscle force outcomes. These findings could enhance the clinical use of MSK modelling and guide optimal workflow selection.



Low repeatability values (ranging from 0.63 to 0.87) for the two MSK models can be attributed mainly to the number of DOF at the knee and ankle joints and to the optimisation technique. For both models, worst outcomes were reported in the case of complex knee DOF configurations for the majority of muscle groups, where unlocked motion in the transverse and frontal plane is prescribed. The calculation of spatial segmental trajectories at these two planes has been characterised as problematic owing to soft tissue artifacts and crosstalk between the sagittal and frontal planes, thus limiting the calculation of accurate and repeatable knee joint angles. Furthermore, the slightly less repeatable hip transverse angles (around 0.9) reported in our group’s previous work may also affect same-plane calculations in the other two joints. Such errors directly influence muscle moment arm [46] and fibre length [47] estimations; hence, the muscle force results. However, the highest repeatability values for more complex DOF configurations are reported in the cases of hip extensors (0.96) and internal rotators (0.95), knee flexors (0.95) and extensors (0.96) (331, 321, 332 and 322, respectively), yet the range between the highest and lowest value denotes good to excellent agreement. Hence, differentiation between DOF configurations for these muscle groups is not possible and it is safe to conclude that the 311 setting could be a valid alternative. When the combination of the Hamner model and Static Optimisation (SO) algorithm was investigated with different DOF settings, the same conclusions were derived from the analysis as above. Lastly, CMC was the optimisation technique with the least repeatable force outcomes, possibly due to the induced changes in prescribed kinematics among intra-subject gait trials as part of the objective function to be minimised [25], which further increased the variability between trials in joint angles already reported by Fotiadou et al. using the same dataset [29].



The muscle group with the minimum highest and lowest (0.85 and 0.63, respectively, for the non-paretic side) repeatability was the ankle dorsiflexors. This finding could be explained by the problematic function of the particular muscle group during the swing phase reported in stroke patients due to a combination of increased plantarflexor passive resistance and/or enhanced activation of the tibialis anterior [48]. Such malfunction seems to be related to high variability in peak ankle dorsiflexion during the stance phase as reported by Yavuzer et al. [49] and higher variability in ankle dorsiflexion during the early swing phase, as reported by Fotiadou et al. [29] in the case of chronic stroke gait. This induces small changes in muscle moment arms between gait cycles and possibly explains the low repeatability of the ankle dorsiflexors’ force found in our study.



Our results suggest that peak muscle force estimations using the combination of the Hamner model with SO are generally affected by the DOF configuration being higher when the knee and ankle joint are allowed to move in a frontal and/or transverse plane (see Figure 2 and Supplementary Table S2). In particular, when motion along the knee rotation with adduction/abduction is prescribed (DOF settings: 331 and 332), the muscle forces of the hip extensors, knee flexors and ankle dorsiflexors are the highest for both sides, whereas the lowest occurs in the case of knee extensors. This result is possibly related to the presence of the knee rotation moment and how optimisation chooses to activate certain common knee flexor/hip extensor (see Supplementary Materials Table S1) muscles, such as the biceps femoris long head, semitendinosus and semimembranosus, to counteract this torque, which are highly activated during the early stance phase. Those high activations seem to result in synchronous excessive force estimated in the ankle dorsiflexors, possibly as an effort to counteract the further stabilisation of the tibia in relation to the foot as it externally rotates during the early stance. Future work should research the effect of different knee DOFs on individual muscle force profiles and elucidate this finding.



The estimation of peak muscle forces is significantly dependent on the selected methodology for modelling muscle activation and force generation. In the present study, we employed a Hill-type muscle model, given its established capability to strike an optimal balance between physiological fidelity and computational tractability [50]. The customisation of muscle model parameters was hindered by the absence of specific muscle activation data, consequently constraining our capacity to better simulate stroke patients’ movements. The literature indicates that modified Hill models have been leveraged to elucidate upper limb kinematics [51,52], and electromyography data have been utilised to fine-tune Hill-type models for the simulation of both unimpaired [53] and post-stroke ambulation [19]. Additionally, the correlation between EMG signals and muscle forces has been explored through the application of machine learning-based regression analyses [54,55]. Nevertheless, a common limitation across these methodologies is their reliance on hypothetical muscle forces due to the unavailability of direct experimental measurements for validation purposes. Consequently, it becomes apparent that further investigative efforts are imperative to improve the modelling of locomotion post-stroke and to enhance the prediction of related biomechanical outcomes, as well as their reproducibility.



Certain limitations exist in the current study. The limited number of gait cycles and the sample size, non-varying walking paths and the absence of between-session variability calculations are some methodological concerns that may limit the generalisation of the results and conclusions in our study. One of the main shortcomings is the lack of validation of muscle force estimations against experimental data. Direct validation is not possible, as there are no in vivo data available regarding muscle forces during human gait. Alternatively, it is common to compare muscle activations with electromyography (EMG) data [56,57], but there were no available data for the specific patient group. Recent work from our group [58] in another stroke population has shown that SO muscle force activation levels during stroke gait compare well with the synchronous bilateral EMG of eight lower limb muscles, while no particular method of personalisation of the MSK models was followed except the usual linear scaling of segments based on marker placement. Also, consistency in simulation results has given credence to the utilisation of the SO and CMC approach as an investigative tool. Although it may not perfectly capture the muscle coordination observed in stroke patients, when supplemented with subject-specific data and comparative validation against experimental observations, it holds value. Furthermore, no extra level of personalisation, such as EMG-informed modelling or patient-specific geometry, was employed which has been shown to have a huge impact on muscle and joint contact forces, either by changed motor control or muscle properties. Lastly, the low sample size may limit the generalisation of our results and conclusions.




5. Conclusions


To conclude, amongst the combinations, the current work has identified two MSK models with the two most used optimisation methods and six possible DOF configurations with the most repeatable muscle force estimations. Although the Hamner model combined with SO and 311 DOF choice has been shown to provide excellent results (mean highest CMC: 0.93) in most muscle groups compared to other DOFs, readers are encouraged to try other DOF settings as well. However, they should bear in mind that this model was not as repeatable in terms of successful SO in many trials as the Rajagopal model, which is crucial information if population modelling is part of the research. Altogether, MSK modelling can provide highly repeatable results in terms of muscle force estimations and can be advocated for extended usage in clinical research.
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Figure 1. A six-camera Vicon system, sixteen retro-reflective markers and two ground embedded force plates were used for motion capture. For the Opensim analysis, a static trial was recorded to scale the generic lower limb models. Then, recorded marker trajectories (pink spheres) and GRFs (green arrows) were used to calculate joint angles and muscle forces during gait using SO and CMC. 
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Figure 2. Boxplots showing how mean peak muscle forces per group, when calculated using the Hamner model and SO, are affected by DOF configuration, for the paretic (above) and non-paretic side (below). Letters denote statistical significance accordingly: c: significantly different than 321, d: significantly different than 322, e: significantly different than 331, f: significantly different than 332. 
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Table 1. Patient characteristics.
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	Number
	Age
	Body Mass Index





	male
	6
	68.2 (5.7)
	28.2 (2.7)



	female
	6
	60.8 (10)
	31.5 (3.7)










 





Table 2. Maximum (minimum) repeatability values and their corresponding model, DOF and optimisation routine for each muscle group and side.
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Muscle Group

	
MCCoef

	
Model

	
DOF

	
Optimisation




	
P

	
NP

	
P

	
NP

	
P

	
NP

	
P

	
NP






	
Hip flexors

	
0.95 (0.80)

	
0.95 (0.80)

	
Raj (Ham)

	
Raj (Ham)

	
311 (322)

	
311 (322)

	
SO (SO)

	
SO (SO)




	
Hip extensors

	
0.96

(0.80)

	
0.96 (0.75)

	
Ham (Raj)

	
Ham (Raj)

	
331 (332)

	
331 (332)

	
SO (CMC)

	
SO

(CMC)




	
Hip abductors

	
0.97 (0.87)

	
0.97 (0.81)

	
Ham (Raj)

	
Ham (Raj)

	
311 (332)

	
311 (332)

	
SO (CMC)

	
SO (CMC)




	
Hip adductors

	
0.93 (0.72)

	
0.91 (0.71)

	
Raj (Ham)

	
Raj (Raj)

	
311 (332)

	
312 (331)

	
CMC (CMC)

	
CMC (SO)




	
Hip internal rotators

	
0.94 (0.79)

	
0.95 (0.80)

	
Raj (Ham)

	
Raj (Ham)

	
321 (332)

	
321 (332)

	
SO (CMC)

	
SO (CMC)




	
Hip external rotators

	
0.94 (0.67)

	
0.93 (0.68)

	
Ham (Raj)

	
Ham (Raj)

	
311 (331)

	
311 (331)

	
SO (SO)

	
SO (SO)




	
Knee flexors

	
0.95 (0.77)

	
0.95 (0.74)

	
Ham (Raj)

	
Ham (Ham)

	
332 (332)

	
331 (321)

	
SO (CMC)

	
SO (CMC)




	
Knee extensors

	
0.96

(0.70)

	
0.95 (0.78)

	
Ham (Ham)

	
Ham (Ham)

	
322 (332)

	
321 (332)

	
SO (CMC)

	
SO (CMC)




	
Ankle dorsiflexors

	
0.90 (0.64)

	
0.85 (0.63)

	
Ham (Ham)

	
Ham (Ham)

	
311 (332)

	
311 (322)

	
SO (CMC)

	
SO (CMC)




	
Ankle plantarflexors

	
0.95 (0.77)

	
0.95 (0.80)

	
Ham (Raj)

	
Ham (Raj)

	
311 (332)

	
311 (332)

	
SO (CMC)

	
SO (CMC)











 





Table 3. Maximum (minimum) repeatability values for the Hamner model with SO with the corresponding DOF configurations for each muscle group and side. Symbols denote statistical significance. *: Significant DOF effect, c significantly different than 321, d significantly different than 322, e significantly different than 331, f significantly different than 332.
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Muscle Group

	
MCCoef

	
DOF




	
P

	
NP

	
P

	
NP






	
Hip flexors

	
0.94 (0.91)

	
0.95 (0.89)

	
311 (331)

	
311 (332)




	
Hip extensors

	
0.96 (0.96)

	
0.97 (0.94)

	
331 (321)

	
331 (332)




	
Hip abductors

	
0.92 (0.90)

	
0.97 (0.95)

	
311 (332)

	
311 (332)




	
Hip adductors

	
0.97 (0.96)

	
0.91 (0.85)

	
322 (321)

	
321 (332)




	
Hip internal rotators

	
0.94 (0.91)

	
0.95 (0.91)

	
311 (331)

	
311 (332)




	
Hip external rotators

	
0.95 (0.91)

	
0.93 (0.88)

	
331 (321)

	
311 (332)




	
Knee flexors

	
0.95 (0.91)

	
0.96 (0.93)

	
332 (321)

	
331 (321)




	
Knee extensors

	
0.96 * (0.90)

	
0.96 * (0.91)

	
322 c,e (332)

	
321 f (332)




	
Ankle dorsiflexors

	
0.90 * (0.75)

	
0.85 * (0.76)

	
311 f (312)

	
311 d (322)




	
Ankle plantarflexors

	
0.95 (0.94)

	
0.96 (0.95)

	
311 (331)

	
312 (331)
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