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Greater Reliance on Cerebral Palsy-Specific Muscle Synergies During Gait Relates to Poorer Temporal-Spatial Performance Measures
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Children with cerebral palsy typically exhibit reduced complexity of muscle coordination patterns during walking; however, the specific patterns that characterize their gait abnormalities are still not well documented. This study aimed to identify the specific repertoire of muscle coordination patterns in children with CP during walking compared to same-aged peers without CP and their relationships to gait performance. To identify muscle coordination patterns, we extracted muscle synergies from 10 children with CP and 10 age-matched typically developing children (TD). K-mean clustering and discriminant analyses of all extracted synergies were used to group similar synergies. Then, weight-averaged z-scores were quantified for each cluster to determine their group-specific level. In this cohort, 10 of the 17 distinct clusters were largely CP-specific while six clusters were seen mainly in TD, and one was non-specific. CP-specific clusters generally showed merging of two TD synergies, excessive antagonist co-activation, decreased muscle activation compared to TD, and complex or atypical pattern. Significant correlations were found between weight-averaged z-scores and step length asymmetry, cadence asymmetry, self-selected treadmill speed and AP-COM displacement of the pelvis such that greater CP-specificity of muscle synergies was related to poorer performance, thus indicating that CP-specific synergies can influence motor dysfunction.
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INTRODUCTION

Walking is an essential daily activity for many children with cerebral palsy (CP). Their specific gait patterns are attributable to multiple factors such as weakness, spasticity, poor selective activation of muscles, abnormal spinal reflexes, and musculoskeletal changes (Damiano et al., 1995; Crenna, 1998). Furthermore, it was postulated decades ago that altered projections from the motor cortex to spinal motor neurons may contribute to the specific gait patterns in children with CP (Brouwer and Ashby, 1991).

Research incorporating electromyography (EMG) analysis during walking in children with CP has shown alteration of muscle activation patterns such as reduced EMG amplitude, agonist-antagonist muscle co-activation, and altered activation timing (Berger et al., 1982; Crenna, 1998; Leonard et al., 2008). These altered patterns are considered a consequence of the disruption in brain development and maturation by the hallmark impairment in supraspinal control (Berger, 1998). Likewise, EMG analyses indicate that children with CP have unique gait strategies with specific muscle activity patterns that typically developed children are unable to mimic (Romkes and Brunner, 2007).

To better illustrate specific EMG patterns in individuals with brain disorders such as stroke and CP, muscle synergies have been analyzed using the non-negative matrix factorization algorithm (Bowden et al., 2010; Rodriguez et al., 2013; Kim et al., 2018; Steele et al., 2019). In neuromechanics, muscle synergies have been hypothesized as representing motor commands of the central nervous system (Ting et al., 2015). Previous studies on muscle synergies identified coordinated patterns of multi-segmental muscles consistently activating together to achieve a task (Ivanenko et al., 2003, 2004, 2005; McGowan et al., 2010; Torres-Oviedo and Ting, 2010; Ting et al., 2015). Specifically, previous studies proposed that the muscle synergies for walking are related to control signals of spinal pattern generators (Ivanenko et al., 2003) and that the superposition of muscle synergy patterns may be related with human compound kinematic (Ivanenko et al., 2005) or kinetic demands (McGowan et al., 2010). A study in healthy populations reported that the basic muscle synergies and overall kinematics rarely vary despite changes in gait speed or the level of body weight support but there is evidence that the synergies are connected to the kinematic walking patterns themselves (Ivanenko et al., 2004). This is also confirmed by the addition of a new synergy if an extra voluntary movement, such as kicking, is included in the walking (Ivanenko et al., 2005). Previous studies also demonstrated that treadmill locomotion shares similar muscle synergy structures with overground locomotion (Oliveira et al., 2016; Mileti et al., 2020). Similarly, balance-specific muscle synergies were consistently recruited in different types of postural tasks (Torres-Oviedo and Ting, 2010). In this context, a review study proposed muscle synergy analysis as a clinical tool for assessing sensorimotor control deficits specific to an individual and defining targets for the rational development of novel rehabilitation therapies (Ting et al., 2015). Thus, the assumption that different synergy structures will be identified that could provide greater insights into altered motor command of the central nervous system and atypical gait kinematics or poorer gait performance in children with CP is reasonable but not yet confirmed.

Clinical studies found that analyzing muscle synergies is useful to reveal the characteristics of muscle coordination patterns of individuals with brain injury (Cheung et al., 2012) and to assess motor function (Bowden et al., 2010; Steele et al., 2015; Shuman et al., 2018). Specifically, the number of synergies deployed during movement has demonstrated utility for quantifying the complexity of descending motor commands from the central nervous system (Bowden et al., 2010; Clark et al., 2010). In children with CP, a reduced number of muscle synergies during walking has been found when compared to typically developed controls, indicating lower motor complexity (Steele et al., 2015; Kim et al., 2018).

In addition to the number of synergies deployed, other parameters calculated from muscle synergy analyses have emerged such as variability and synergy structure composition (weight or vector values that quantify individual muscle contributions to synergies). It was demonstrated that greater variability of muscle synergy structures is associated with poorer motor performance in clinical populations (Allen et al., 2017; Kim et al., 2018). Specifically, it has been shown that children with CP have greater stride-to-stride variability of muscle synergy structures during walking than those in age-matched controls (Kim et al., 2018). Also, the same study demonstrated that some CP-specific muscle synergies are not present in typically developing children. Identifying CP-specific muscle synergies at the level of the individual with CP may provide useful information to establish more individually tailored rehabilitation strategies; e.g., if a child with CP demonstrates two different synergies across strides for the same gait phase with one being more similar to those with typical development, differences in muscle weightings or activation patterns could provide insights on which muscles should be trained or inhibited to shift them toward a more effective pattern of activation.

While the methodology utilized in that initial study is promising, results were preliminary (Kim et al., 2018). The aim here is conduct a larger study incorporating more muscles and gait cycles to more fully identify the repertoire of muscle coordination patterns in children with unilateral CP and to potentially reveal more CP specific muscle synergies during gait. Since current literature on gait reports that children with CP have different muscle synergies (Steele et al., 2015; Kim et al., 2018) and EMG activation patterns (Berger et al., 1982; Crenna, 1998; Leonard et al., 2008), we primarily hypothesized that children with CP would exhibit some specific muscle synergies rarely if at all shown in those with typical development. Based on our previous work (Kim et al., 2018), we also expected to identify non-specific, or common, muscle synergies between children with CP and healthy controls as well as some that were only seen in those without CP. Also, we aimed here to investigate the effect of CP-specific muscle synergies on gait performance. Previously, children with CP have shown decreased walking speed and increased center of mass (COM) displacement during postural control and walking tasks, and 3D kinematic differences as quantified by the Gait Deviation Index (Schwartz and Rozumalski, 2008) when compared with healthy controls (Prosser et al., 2010; Damiano et al., 2013; Zollinger et al., 2016). Given that the timing of muscle synergy activation is correlated with that of specific biomechanical gait events (Lacquaniti et al., 2012), it was hypothesized that walking performance would be correlated with relative weighting of the CP-specific muscle synergies, such that greater CP-specificity in synergy structures would relate to poorer performance.



MATERIALS AND METHODS


Participants

Participants included 10 children with unilateral CP (age, 14.9 ± 3.8 year; body mass, 57.0 ± 20.6 kg; height, 160.4 ± 17.6 cm; 6 right dominant legs; 4 left dominant legs) and 10 children with typical development (TD) within the same age range (age, 15.0 ± 3.2 year; body mass, 69.9 ± 22.1 kg; height, 164.4 ± 16.0 cm; 10 right dominant legs). Seven females were included in each group. Six children with CP were classified as Gross Motor Function Classification System (GMFCS) level I and four as level II. Sample size was calculated based on a previous muscle synergy study (Kim et al., 2018). We calculated sample size using the number of muscle synergies. Considering the means and standard deviations of the variables between children with CP and TD, the sample size needed was 10 subjects in each group. Exclusion criteria were botulinum toxin injections within the previous 4 months, orthopedic surgery to the legs, or a seizure within the previous 6 months. The institutional review board approved the study protocol (#13-CC-0110) and informed written consent and assent were obtained for all participants.



Procedures

Participants walked on the treadmill (Bertec TM-06-B, Columbus, OH, United States) at a self-selected speed. Treadmill speed was initially estimated based on average pelvic velocity during overground walking and was adjusted while participants walked on the treadmill until each participant selected a comfortable walking speed at which walking was performed for 5 min of data collection.

Muscle activation was recorded using a wireless EMG system (Trigno, Delsys, Boston, MA, United States) at 1000 Hz. Surface electrodes were attached bilaterally to the tibialis anterior (TA), extensor hallucis longus (EH), lateral gastrocnemius (LG), soleus (SO), rectus femoris (RF), vastus lateralis (VL), semitendinosus (ST), and biceps femoris (BF) muscles (Perotto, 2011). Placement of EMG electrodes was per SENIAM guidelines (Hermens et al., 1999) and verified by manual muscle testing to ensure proper EMG signals. Kinematic data synchronized with EMG were collected at 100 Hz using ten motion capture cameras (Vicon, Lake Forest, CA, United States) and analyzed using Visual3D (C-Motion, Germantown, MD, United States) to detect gait events to calculate joint angles and to present synchronized EMG activation patterns across the gait cycle. EMG and kinematic data were collected and analyzed for the entire 5 min, treadmill walking data collection period.



Muscle Synergy Extraction

Electromyography data were high-pass filtered (3rd order Butterworth) at 35 Hz, full-wave rectified, and low-pass filtered (3rd order Butterworth) at 6 Hz. For muscle synergy extraction, EMG data were split into windows of 20 gait cycles based on the heel contact, with 19 gait cycles of overlap between successive windows because we focused on relative contributions of each muscle and EMG normalization within each window. Also, a previous study demonstrated that reconstruction quality of muscle synergies was the highest for 20 gait cycles (Oliveira et al., 2014). We set the moving time window between 20 gait cycles windows to one gait cycle to maximize the chances of capturing a specific synergy that may only occur during a small (<20 gait cycles) period. After splitting, the data sets were time-interpolated to 2000 points and normalized by the maximum activation value within each window. Therefore, the EMG data set consisted of muscle × time matrices (EMGo) ranging from 0 to 1.

Non-negative matrix factorization was used to extract muscle synergies from EMGo (Lee and Seung, 1999). This linear decomposition technique computed muscle synergies according to the following formula:
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where n is the number of muscle synergies ranging from 1 to 16, i is an identification number of each muscle synergy, W is a synergy structure (muscle × n) indicating weighting values of individual muscles for each synergy, C is a synergy activation (n × time) indicating time-varying synergy activation profiles, and e is residual error. EMGr is a reconstructed EMG matrix (muscle × time) resulting from the multiplication of W and C. To determine proper level of muscle synergies, we calculated the variability accounted for (VAF) as follows:
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In this study, a VAF threshold was set at 90% in line with previous studies (Bowden et al., 2010; Clark et al., 2010; Dominici et al., 2011; Steele et al., 2015). Thus, we selected a minimal n that VAF was higher than 90%.



Clustering Analysis

Using k-means clustering, similar muscle synergy structures were assigned into the same cluster. The size of the data matrix for clustering was 16 muscles × nW, where nW is the number of W matrices for all subjects (the number of time windows × subjects × synergy numbers). An inherent risk of the clustering process is that the presence of large numbers of samples near the cluster boundaries can lead to changes in clustering results if the analysis is run multiple times. To prevent inaccurate clustering, we used an iterative process to select the k value. This process was developed to find the minimal number of clusters that can be identified using a reliability test frequently conducted in clinical studies. Specifically, in an initial clustering process, the value of k was set at the minimum number of synergies in the time windows of 20 gait cycles among all subjects. Then, a discriminant analysis was used to revise the cluster assignment if necessary. In this supervised learning process, each synergy structure matrix and its cluster assignment were used to optimize the separation between clusters by projecting the data into a subspace that maximized the variance between means of projected clusters and minimized the variance within each cluster (Dixon and Brereton, 2009). The discriminant method was determined by the equality of cluster covariance matrices assessed using the Box’s M test (Box, 1949). If covariance matrices were equal, linear discriminant analysis (LDA) was used, otherwise quadratic discriminant analysis (QDA) was used (Dixon and Brereton, 2009). After discriminant analysis, we examined whether synergy structures extracted from the same time window were assigned into different clusters based on the requirement that non-negative matrix factorization extracts different or independent muscle synergies from EMGo. If the requisite condition was not satisfied, the clustering was repeated with a sequential increase in k. Next, the intra-class correlation coefficient (ICC) was used to test the similarity of the synergy structures assigned to each cluster by the discriminant analysis. To ensure accurate k value, this process was repeated 500 times. Experientially, we observed a stable k-value in prior studies at 100 iterations. Therefore, to build in a safety factor, we repeated the process 500 times to determine the correct k value. Then, we selected the case showing the most frequent k value for the repetition and the highest mean ICC value across individual clusters.



Identifying Group-Specific Clusters

For each cluster, we computed the proportion of synergies originating from the TD or CP group to define whether the cluster is specific to one of the groups. To compare the proportions of the two groups within a cluster, we performed the two-proportion z-test (Sheskin et al., 2003) as follows:
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where, each of x1 and x2 are the number of muscle synergies of CP and TD groups within each cluster and n1 and n2 are the total number of muscle synergies in the CP and TD groups, respectively. If the value of the z-score was higher than 1.96 or lower than −1.96, this cluster was defined as a CP-specific cluster or a TD-specific cluster (p < 0.05), respectively. If the value of the z-score was between −1.96 and 1.96, it was defined as a non-specific cluster. Based on the two-proportion z-test, each cluster was labeled as C, T, or N for CP-specific, TD-specific, or non-specific clusters, respectively. Then, within each cluster group, cluster ID was determined according to the rank of z values. For example, C1 indicated the CP-specific cluster showing the highest z value, indicating the most frequently observed muscle synergy in children with CP.

The cluster z-score is therefore a quantitative indicator of the constituent groups within it. For example, a high cluster z-score indicates that more children with CP use the muscle synergies assigned to it. Similarly, the number of extracted synergies from an individual participant assigned to any given cluster is an indicator of its prevalence during walking; that is, if an individual has numerous synergies assigned to a CP-specific cluster a higher proportion of their overall synergies are categorized as CP-specific. Thus, we quantified the group-specific level of muscle synergies for each participant through a weight-averaged z-score as follows:
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where, i is the ith cluster identified from a participant. n is the number of clusters for a participant, zi is the z-score of the ith cluster, nSyni is the participant’s number of muscle synergies within the ith cluster, and ngait_cycle is the number of analyzed gait cycles of a participant. Similar to a cluster z-score, a participant who has a greater weight-averaged z-score indicates that his/her muscle synergies are CP-specific, and the opposite is TD-specific.



Gait Performance Analysis

To investigate the effect of CP-specific muscle synergies on gait performance, we measured self-selected treadmill speed, step length asymmetry, step cadence asymmetry, and COM displacement of the pelvis. We also calculated the Gait Deviation Index on all with CP, with the mean TD group data used as the reference value. The asymmetry level of step length and cadence was calculated as follows (Reisman et al., 2013):
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where VALparetic and VALnon-paretic refer to the values of paretic and non-paretic step lengths or cadences, respectively. A larger value indicates a greater asymmetry of step length or cadence between legs. COM displacement of the pelvis was analyzed to quantify gait stability. In the study, ML-COM, AP-COM, and V-COM displacements were defined as the peak-to-peak distance of COM in mediolateral, anteroposterior, and vertical directions within each gait cycle, respectively. Each COM variables were averaged across gait cycles for analysis.

To examine the level of gait pathology in children with CP, in addition to GMFCS, we calculated the GDI (Schwartz and Rozumalski, 2008). For the GDI calculation, we used kinematic data in the TD group as the control data. The GDI score is calculated for each person from the following kinematic variables: pelvis (tilt, oblique, and rotation), hip (flexion, extension, abduction, adduction, internal rotation, and external rotation), knee (flexion and extension), ankle (dorsiflexion and plantar flexion), and foot (progression). The GDI score is ranged from 0 to 100 with 100 representing the TD group mean. Every 10-point reduction from 100 means 1 standard deviation away from the average of the TD group. GDI scores were calculated for dominant and non-dominant legs, respectively.



Statistical Analysis

We performed statistical analysis using the independent t-test to compare the number of gait cycles, the mean number of synergies, self-selected treadmill speed, step length asymmetry, step cadence asymmetry, and COM displacement of the pelvis between two groups. To identify whether the group-specific level of muscle synergies in CP was correlated with gait performance, Spearman’s rank correlation coefficient (r) was calculated between the weight-averaged z-score and gait performance variables such as self-selected treadmill speed, step length asymmetry, step cadence asymmetry, and COM displacement of pelvis. The correlation was considered fair, moderate, or strong if r value was 0.25∼0.5, 0.5∼0.75, or 0.75∼1, respectively (Portney and Watkins, 2009). Moreover, we identified whether the weight-averaged z-score is correlated with GMFCS and GDI scores for CP cohort. The statistical significance was set at p < 0.05.



RESULTS

The number of analyzed gait cycles was not significantly different between groups (CP: 212.7 ± 53.2, TD: 213.4 ± 43.6, t = −0.032, p = 0.975). The mean number of synergies extracted from EMGo data set was slightly and significantly higher (t = −3.243, p = 0.009) in the TD group (3.96 ± 0.12, range: 3.62–4.00) compared to CP (3.45 ± 0.48, range: 2.98–4.00). The mean total number of synergies extracted across all strides for each individual was 656.6 ± 153.9 (range: 292–855) in CP group and 762.3 ± 159.1 (range: 368–935) in TD.

In the iterative clustering, 17 distinct clusters were found across all subjects indicating that 17 unique muscle synergy structures were deployed during treadmill walking in our group of CP and TD participants (Figure 1). Among the 17 clusters, we found 10 CP-specific clusters (Figure 2). Among them, seven clusters (C2, 3, 4, 5, 6, 8, and 10) were observed only in children with CP. The other three clusters (C1, 7, and 9) were mostly observed in children with CP but were observed infrequently in the TD group. C8, 9, and 10 were predominantly observed in CP1, 2, and 7, respectively, indicating that these may be subject specific. Furthermore, we found six TD-specific clusters (Figure 3). Most TD-specific clusters (T1, 3, 4, 5, and 6) were also found in some children with CP, except for T2. Muscle synergies in T2 were observed only in the TD group. One non-specific cluster (N1) was observed in multiple participants from the TD and CP groups (Figure 4).


[image: image]

FIGURE 1. Muscle synergy assignment in 17 clusters. CP and TD indicate children with cerebral palsy and typical development, respectively. The brightness in each cell means the number of synergies assigned in a cluster (refer to right column). Each cell for CP-, TD-, and non-specific clusters was labeled as C, T, and N, respectively.
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FIGURE 2. CP-specific synergy activations (top left), structures (low), and peak activation time in the gait cycle (top right). Cluster ID is displayed above each subfigure. Synergy activations and structures are expressed as mean and standard deviation. Subfigures are arranged based on peak activation time. The labels of bar plots are combined with leg side and muscle names as follows: D, dominant leg; N, non-dominant leg; TA, tibialis anterior; HL, extensor hallucis longus; MG, medial gastrocnemius; SO, soleus; PL, peroneus longus; RF, rectus femoris; VL, vastus lateralis; MH, medial hamstring.
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FIGURE 3. TD-specific synergy activations (top left), structures (low), and peak activation time in the gait cycle (top right). Cluster ID is displayed above each subfigure. Synergy activations and structures are expressed as mean and standard deviation. Subfigures are arranged based on peak activation time. The labels of synergy structure are same with Figure 2.
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FIGURE 4. Non-specific synergy activation (top left), structure (low), and peak activation time in the gait cycle (top right). Cluster ID is displayed above. Synergy activations and structures are expressed as mean and standard deviation. The labels of synergy structure are same with Figure 2.


Prior to 16% of the gait cycle, C1, C8, C9 (Figure 2), and T4 (Figure 3) emerged, corresponding to initial contact and loading response of the dominant limb. In this period, the TD group co-activated dominant ankle dorsiflexor (TA and HL) and thigh muscles (RF, VL, and MH) as shown in T4. Whereas synergies structures were added with non-dominant ankle plantar flexors (C1: MG, SO, and PL) or dominant one (C9). In C8, non-dominant TA was co-activated with dominant dorsiflexor and thigh muscles (VL and MH). Between 24 and 51% of the gait cycle, the CP group had four clusters with peak activation C3, 6, 7, and 10 (Figure 2) and TD had T2 and T6 (Figure 3). Muscle synergies in T6 showed higher co-activation of both dominant plantar and non-dominant dorsiflexor muscles than those of T2. Synergy structures of C6 and C3 were similar to those of TD, non-dominant RF and MH were additionally co-activated, respectively. C10 was quite atypical, consisting of dominant plantar flexor, thigh (VL and MH), and non-dominant HL muscles. C7 exhibited co-activation of non-dominant dorsiflexors only. The one non-specific muscle synergy (N1) also showed peak activation in this period (Figure 4). This cluster mainly consisted of dominant plantar flexor activity. Between 51 and 63% of the gait cycle, T3 and T5 (Figure 3) and those of C4 and C5 (Figure 2) emerged. T3 and T5 consisted of non-dominant dorsiflexor and thigh muscles (T3: RF and VL, T5: RF, VL, and MH), symmetric with T4. In C4, all non-dominant muscles were co-activated. Also, its synergy activation varied between gait cycles (Figure 2). In C5, non-dominant thigh muscles (VL and MH) were co-activated with non-dominant plantar flexors instead of dorsiflexors. Between 86 and 93% of the gait cycle, we observed peak activation of T1 (Figure 3) and C2 (Figure 2). T1 contained non-dominant plantar flexors and dominant dorsiflexors, symmetric with T2. In case of C2, there was additional co-activation of dominant RF and non-dominant thigh muscles when compared with T1.

The mean weight-averaged z-score was 10.8 ± 10.6 and −17.3 ± 5.1 in the CP and TD groups, respectively. The weight-averaged z-score indicates whether a subject’s synergies are predominantly present in clusters specific to CP or TD. A higher positive weight averaged z-score indicates that muscle synergies are more CP-specific, and one in the opposite direction is more TD-specific. Since most synergies of children with TD were assigned into the TD-specific clusters, their weight-averaged z-score showed negative values in all participants (range: −9.5 ∼−27.7) while the mean scores in children with CP were mostly positive (range: −8.4 ∼ 24.1). Interestingly, two participants in the CP group showed negative values (CP05: −8.4 and CP10: −0.4) because a large number of synergies were assigned to the TD-specific clusters (Figure 1) whereas no participants from the TD group showed positive weight-averaged z-scores. The mean ICC value of muscle synergy structures across the 17 clusters were 0.81 ± 0.10, with a range of 0.61–0.98 (Figure 5).
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FIGURE 5. Intraclass correlation coefficient (ICC) values of muscle synergy structures within each cluster.


Gait performance variables such as treadmill speed, step length asymmetry, step cadence asymmetry, and AP-COM were significantly different between groups except for ML-COM and V-COM (Table 1). The Spearman’s rank correlation coefficient was significant between the weight-averaged z-scores and gait performance variables such as treadmill speed, step length asymmetry, step cadence asymmetry, and AP-COM displacement of the pelvis (Figure 6). Among them, the weight-averaged z-score showed moderate correlation with step length asymmetry (r = 0.504, p = 0.024) and step cadence asymmetry (r = 0.591, p = 0.006), and it was fair correlation with treadmill speed (r = −0.465, p = 0.043) and AP-COM displacement of the pelvis (r = 0.465, p = 0.043). GDI scores for dominant and non-dominant legs were 86.8 ± 9.2 and 83.5 ± 10.2, respectively, indicating that our CP cohort ranged 1–2 standard deviations from the TD group. GMFCS (r = −0.213, p = 0.554) and GDI scores (dominant leg: r = −0.055, p = 0.881; non-dominant leg: r = 0.188, p = 0.603) were not significantly correlated with the weight-averaged z-scores.


TABLE 1. Gait performance variables.
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FIGURE 6. Spearman’s rank correlation scatter plots showing significant correlation between the weight-averaged z-score (x-axis) and self-selected treadmill speed (A), step length asymmetry (B), step cadence asymmetry (C), and AP-COM (D). The x and y axis are displayed in rank (descending order), with rank 1 being the highest. CP and TD data are presented with black and gray dots, respectively.




DISCUSSION

We identified 17 different muscle synergies (clusters) across our group of CP and TD participants; 16 of which were group-specific and one non-specific. A majority of the CP-specific clusters (7/10) consisted of muscle synergies extracted exclusively from children with CP and the remaining three CP-specific clusters were primarily seen in just one participant with TD. Thus, our results demonstrate that even mildly affected children with CP utilize distinct muscle synergies rarely observed in those with TD. The analysis protocol here combined machine learning and clustering algorithms to identify muscle synergies for walking specifically exhibited in children with unilateral CP. We recognize that cluster numbers and/or structures may vary depending on the sample and the specific cluster results here may not be generalizable to other individuals with CP; however, this would likely be the case regardless of how large the sample was. The major contribution here is an effective and quantitative approach to differentiate synergies between two groups at both a group and individual level, the latter of which could inform therapeutic prescription. An alternative approach would be to cluster within groups and then compare the clusters for those with typical development, which are likely to be more stable and predictable, to those for the group or individuals with CP. We believe that method would be far less quantitative and precise. Our method could be used for differentiating typical gait from any clinical population and serves to reveal unique patterns that emerge as one recovers from (or develops with) a brain injury. The finding of some more common patterns that emerged in this group of children with unilateral and predominantly mild CP extend the current knowledge on the characteristics of muscle synergies in CP.

This study also reinforces previous reports that altered cortical and spinal motor neural networks in children with CP produce specific muscle synergies that are not observed in healthy controls (Myklebust, 1990; Eyre, 2007; Friel and Martin, 2007). The distribution of CP-specific vs. TD-specific synergies within an individual’s repertoire was variable in our CP cohort: 4/10 deployed only CP-specific muscle synergies whereas 6/10 deployed both CP- and TD-specific synergies (Figure 1). Interestingly, only 1/10 TD participants deployed CP-specific synergies in an appreciable number of strides. Furthermore, of the group specific clusters, seven were observed only in CP whereas only one was exclusive to TD. Taken together, these findings suggest that children with CP utilize unique and individual-specific patterns of motor control during walking compared to children with TD. Previous studies reported that postnatal development changes the organization of spinal interneurons by the activation of the corticospinal tract (Eyre et al., 2001; Friel and Martin, 2005; Chakrabarty et al., 2009). Initially, the axons of the corticospinal tract terminate on the spinal motor neurons bilaterally (Eyre et al., 2001; Friel and Martin, 2007). As development proceeds, some contralateral and most ipsilateral terminations are pruned based on the activation of the corticospinal tract (Li and Martin, 2000). However, brain injuries during the development process may result in fundamentally disordered spinal cord circuitry such as reciprocal excitation of antagonistic muscles (Myklebust, 1990) and simultaneous bilateral motor responses (Eyre, 2007). These data clearly show that children with CP generally exhibited greater co-activation of muscles, or alternately stated, less selectivity, when comparing synergy structures with those with TD. The co-activation of antagonist leg muscles in CP has been well-established (Berger et al., 1982) and is attributed to decreased cortical control for descending motor pathways in an injured hemisphere (Cao et al., 1994) and increased overlap of sensorimotor cortical activities (Burton et al., 2009).

Participants with CP presented synergy structures such as C2, 3, 4, 5, 6, 8, and 10, which were not present in any children with TD. Also, C1, 7, and 9 were predominant in the CP population. Based on the peak activation time of the muscle synergy in the walking cycle, CP-specific clusters are arranged in order C1, 9, 8, 10, 7, 6, 3, 4, 5, and 2 (Figure 2). Among them, C1, 9, and 8 were responsible for dominant heel contact and loading response in the double leg stance. In this period, children with TD co-activated dominant ankle dorsiflexor and knee extensor muscles only as shown in T4, while those with CP additionally co-activated dominant or non-dominant ankle plantar flexors or non-dominant ankle plantar flexors. The additional muscle co-activation in the CP-specific clusters has been considered in some cases as the merging of muscle synergies observed in healthy controls (Clark et al., 2010; Cheung et al., 2012). For instance, synergy structures of C1 show the merging of those of T1 and T4. In case of C9, its synergy structure presents co-activation of both ankle dorsiflexors and plantar flexors. This pattern can be interpreted as antagonist co-activation, the characteristic of locomotion in children with CP (Damiano et al., 2000; Cappellini et al., 2016), which cannot be judged as the merging of muscle synergies in healthy controls. We also found a new pattern that is not well explained as either a merged synergy or antagonist co-activation. For instance, the synergy structure of C8 showed additional co-activation of non-dominant TA muscle. Yet, since the synergy structure of C8 emerged only in one participant, CP1, this specific synergy pattern may indicate a subject-specific or at least less frequent strategy.

In single-leg stance on the dominant leg, we observed various group-specific features of muscle synergy. Specifically, children with TD utilized T6 or T2 patterns, consisting of dominant ankle plantar flexors and non-dominant ankle dorsiflexors. These patterns correspond to the ability to push the body forward through the dominant ankle flexor muscles and lift the non-dominant legs. However, in case of CP-specific clusters, as shown in the clusters for the loading response, the synergy structure of C6 showed additional co-activation of non-dominant thigh muscles. In this period, other specific patterns were also observed. For instance, C3 exhibited decreased activation in non-dominant ankle dorsiflexors. Given the synergy structure of C3 and C6, activation instead of non-dominant RF or MH may be the adaptive compensation for poor selective control in that muscle. Unlike the case of C8, these patterns were observed in several children with CP. This finding supports the conclusion that there are some common or at least more frequent muscle synergies that are shared by those with the diagnosis of unilateral CP. In contrast to C3 and C6, C7 included the activation of non-dominant ankle dorsiflexors, without dominant leg muscle activation. This pattern resembles the fractionation of muscle synergies observed in stroke survivors (Cheung et al., 2012). C10 showed a somewhat complex pattern. Children with CP having this pattern additionally co-activated dominant thigh muscles. Moreover, this pattern did not include co-activation of non-dominant ankle dorsiflexors, TA. Instead, non-dominant HL, great toe extensor, and ankle dorsiflexor, were co-activated with other muscles.

Furthermore, in single-leg stance on the dominant leg, participants showed the most variable synergy patterns. In this phase, there was also a non-specific synergy pattern, N1. One interpretation of the variable clusters in dominant limb single leg stance is that there is the potential for accessing a larger repertoire at this point in the gait cycle. For this phase, dominant ankle plantar flexors provide forward propulsion of the body and non-dominant flexors lift the ipsilateral leg. Because dominant leg muscles should be largely unimpaired in our CP group, to prepare for weight-bearing of the non-dominant leg, they may utilize their inherent motor strategies in various ways that may be different from those in TD. This notion concurs with the concept of motor abundance that the central nervous system utilizes multiple variations of muscle coordination to achieve a given motor task (Gera et al., 2010). Previous studies also showed that the injured brain utilizes more variable motor patterns using residual capacity (Sanger, 2006; Kim et al., 2016, 2018). However, after the loading response of the non-dominant leg, the number of CP-specific clusters notably decreased. This finding indicates decreased motor capability to produce various patterns regarding adaptive compensation (Levin et al., 2009; Kim et al., 2017). We postulate that the upper motor neuron dysfunction (weakness, dystonia, hyperreflexia, spasticity, and increased antagonist co-contraction) manifested in the non-dominant leg of the CP group restricts the repertoire of compensatory motor strategies available in that limb.

Around 60% of the gait cycle, corresponding to the loading response of the non-dominant leg, children with TD utilized T3 or T5 patterns while those with CP exhibited C4 or C5. T3 and T5 are co-activation of the non-dominant thigh and dorsiflexion muscles and resemble T4, co-activation of contralateral muscles. Interestingly, in this phase, CP-specific clusters showed totally different patterns when compared with TD-specific clusters. C4 represents the most unique features of the CP-specific clusters observed in the study, co-activating all non-dominant leg muscles. This pattern has been considered as causing spastic gait in children with CP (Crenna, 1998) and interrupting their selective voluntary motor control (Fowler et al., 2009). In case of C5, non-dominant ankle plantar flexors were co-activated with thigh muscles while the ankle dorsiflexors and thigh muscles of the same side were co-activated for initial contact in TD-specific clusters, T3 and T5. In a single-leg stance on the non-dominant leg, T1 emerged and was symmetric with T2. However, as with the loading phase of the non-dominant leg, a CP-specific cluster in this phase, C2, exhibited a unique pattern. In C2, there was co-activation of non-dominant thigh muscles in addition to T1.

We utilized the weight-averaged z-score to quantify the relative percentage of muscle synergies expressed by an individual participant that were group-specific. A greater magnitude of the weight-averaged z-score means that a greater percentage of an individual’s muscle synergies are group specific, while the sign indicates the group, i.e., positive scores are CP-specific and negative values are TD-specific. Our findings showed that both CP and TD groups had magnitudes beyond 1.96, indicating that each primarily deployed synergies specific to their own group. Yet, the magnitude of the weight-averaged z-score was greater in the TD group when compared with the CP group, which indicates that very few children with TD deployed synergies observed in those with CP whereas several children with CP deployed synergies observed in TD. This suggests that at least some children with unilateral CP develop and retain typical patterns of muscle activations. But, the standard deviation of the score was greater within children with CP, supporting that their synergies are more variable between individuals than those of TD (Kim et al., 2018). Furthermore, our results demonstrate that the weight-averaged z-scores were correlated with gait performance variables. Specifically, an increase in the weight-averaged z-score correlated with a decrease in self-selected treadmill speed and an increase in the step length asymmetry, step cadence asymmetry, and AP-COM displacement of the pelvis. These results indicate that greater relative deployment of CP-specific muscle synergies underlies poorer gait performance in our cohort. Also, our findings more broadly demonstrate that the muscle synergy structures as well as numbers are associated with the performance level of a functional motor task.

Based on our findings, we propose the use of more individually tailored rehabilitation strategies for gait training based on individual muscle synergy patterns. Analyzing muscle synergies in individuals with brain injuries may provide new insights by visualizing their altered motor command. For example, based on our analysis, clinicians can understand that their patient uses some atypical muscle co-activation in a particular gait phase. Then, during rehabilitation training sessions, the clinician can focus on the atypical pattern and try to inhibit or facilitate specific muscle activations to resemble patterns seen in those without CP. In this study, we found that CP-specific clusters generally have four possible characteristics that may differentiate them from TD-specific clusters. The first characteristic is the merging of muscle synergies identified in TD-specific clusters, e.g., C1. The training goal would be to dissociate merged muscle synergies by trying to promote activation in muscles that best differentiate the synergies and relate to better functional performance. The second characteristic is strong antagonist co-activation such as C4. In this study, most individuals who utilize pattern C4 were classified as GMFCS level II. Spasticity reduction or intensive practice to train better selective control may be effective in rehabilitation of individuals who deploy this synergy pattern. The third characteristic is the loss of activation in a specific muscle (e.g., ankle dorsiflexors) as shown in C7. Here one should emphasize selective control training or strengthening of that muscle if possible. The fourth characteristic is a complex pattern like C10. In this case, rehabilitation training may need to combine multiple approaches mentioned above. However, the extent to which motor training for any of these specific impairments can produce positive and lasting effects is not still well known. We expect that muscle synergy analyses offer a more mechanistic approach for intervention at an individual level as well as a novel method to discriminate levels of function and to assess outcomes.

Limitations of this study are the relatively small number of children with CP, and that only the two most functional GMFCS levels were represented. These issues may have affected correlation coefficients in our study regarding GMFCS and GDI scores, and limited the ability to do within-group correlations. Despite significant correlations between overall gait function and deployment of CP-specific synergies, we also observed a range of gait performance in individuals who deployed mostly CP-specific synergies. Similar to a previous study that examined whether the number of muscle synergies is correlated with the clinical measurement of motor dysfunction (Bowden et al., 2010), a future study with a larger number of participants with CP with a broader range of functional levels is necessary to better address whether the weight-averaged z-score is correlated with functional gait performance in those with CP and other motor disabilities. Another limitation is that muscle activation was recorded mainly in lower limb flexors and extensors. Muscle synergies extracted from additional muscles that function in other planes would provide greater insights into the complex 3D gait abnormalities in CP. In the study, the muscle synergies were analyzed for treadmill walking. A previous study demonstrated that treadmill locomotion shares similar muscle synergy structures with overground locomotion (Oliveira et al., 2016; Mileti et al., 2020) although synergy activations were more consistent in the treadmill condition (Mileti et al., 2020). Since we classified group-specific synergies based on synergy structures, we assume that walking environment may rarely influence the results.

In conclusion, we found CP-specific muscle synergies that represent an altered repertoire of muscle coordination patterns during walking when compared with age-matched controls. CP-specific muscle synergies had four differentiating characteristics: (1) merging of two TD synergies, (2) excessive antagonist co-activation, (3) decreased muscle activation compared to TD, or (4) a complex or atypical pattern. Also, our results demonstrated that greater utilization of CP-specific muscle synergies was related to poorer gait performance. Our approach identifying subject-specific muscle synergy patterns may provide useful information to establish more individually tailored rehabilitation strategies to improve gait performance.
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