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ABSTRACT: 24 

In this study, we investigated whether principal component analysis (PCA) and non-negative matrix 25 

factorization (NMF) perform similarly for the identification of regional activation within the human 26 

vastus medialis. EMG signals from 64 locations over the VM were collected from twelve participants 27 

while performing a low-force isometric knee extension. The envelope of the EMG signal of each channel 28 

was calculated by low-pass filtering (8 Hz) the monopolar EMG signal after rectification. The data matrix 29 

was factorized using PCA and NMF, and up to 5 factors were considered for each algorithm. Association 30 

between explained variance, spatial weights and temporal scores between the two algorithms were 31 

compared using Pearson correlation. For both PCA and NMF, a single factor explained approximately 32 

70% of the variance of the signal, while two and three factors explained just over 85% or 90%. The 33 

variance explained by PCA and NMF was highly comparable (R > 0.99). Spatial weights and temporal 34 

scores extracted with non-negative reconstruction of PCA and NMF were highly associated (all p < 0.001, 35 

mean R > 0.99). Regional VM activation can be identified using high-density surface EMG and 36 

factorization algorithms. Regional activation explains up to 30% of the variance of the signal, as 37 

identified through both PCA and NMF. 38 

KEYWORDS: EMG; factorization; regionalization; quadriceps; vastus; neuromuscular control.  39 
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INTRODUCTION: 40 

Variations in the orientation, insertion and architecture of muscle fibres can be observed within 41 

most human muscles. The human vastus medialis (VM), for instance, inserts on different regions of the 42 

common knee extensor tendon and along the medial edge of the patella (Holt et al., 2008; Peeler et al., 43 

2005), and its fibers are more obliquely oriented in the distal than in the proximal region of the muscle 44 

(Gallina and Vieira, 2015; Peeler et al., 2005; Smith et al., 2009). These anatomical variations may render 45 

different regions within the VM mechanically more effective at producing force along different 46 

directions, i.e.: knee extension for the proximal fibers, patellar translation and rotation for the distal 47 

ones (Lin et al., 2004; Wilson and Sheehan, 2010). As motoneurons recruited at low force levels tend to 48 

innervate muscle units occupying small territories within the VM (Gallina and Vieira, 2015; Gootzen et 49 

al., 1992), it may be possible for motor units located in different VM regions to receive an uneven 50 

distribution of neural drive (Tenan et al., 2016, 2013) or afferent feedback (Gallina et al., 2017), resulting 51 

in regional activation such as that observed in dynamic contractions (Gallina et al., 2016). 52 

Surface electromyography is a technique commonly used to describe the timing and intensity of 53 

muscle activation. While myoelectric activity sampled with a single pair of electrodes is generally 54 

considered to represent the activation of the whole muscle, regional activation may lead to less 55 

representative EMG estimates than previously thought (Gallina et al., 2011). Vieira and colleagues 56 

(Vieira et al., 2015) showed a heterogeneous increase in sEMG amplitude across the human 57 

gastrocnemius in response to incremental electrical stimulation, demonstrating how detection of sEMG 58 

from a single location within a muscle may offer limited information on the intensity of the whole-59 

muscle activation. The EMG envelope is widely used as an estimate of timing and amplitude of muscle 60 

activation in dynamic, isometric (Negro et al., 2009) and quasi-isometric tasks (Gallina et al., 2016a; 61 



5 
 

Masani et al., 2003); however, the effects of regional muscle activation on this EMG parameter, if any, 62 

are poorly understood. 63 

 Factorization algorithms are used to extract common patterns of EMG activity across several 64 

muscles during functional tasks (i.e., muscle synergies, (Cheung et al., 2005; Tresch et al., 2006)). 65 

Similarly, when applied to recordings performed using a grid of closely spaced surface EMG electrodes 66 

(High-Density surface EMG, HDsEMG), algorithms such as principal component analysis (PCA; 67 

Staudenmann et al., 2013a, 2009) and Non-negative Matrix Factorization (NMF; Gazzoni et al., 2014; 68 

Huang et al., 2015; Muceli et al., 2013) were shown to be able to factorize the HDsEMG signals in 69 

clusters of electrodes that have similar profiles of temporal activation. These algorithms may be useful 70 

to describe how well the original signal can be reconstructed, assuming absence of regional activation (a 71 

single factor that fluctuates similarly across channels) as opposed to more complex spatiotemporal 72 

patterns (a larger number of factors). Additionally, factorization algorithms may provide objective 73 

information on the spatiotemporal characteristics of the activation of regions within the VM. A direct 74 

comparison of the factors obtained using PCA and NMF will provide information on whether 75 

spatiotemporal patterns of regional activation are identified similarly by the two algorithms, and 76 

whether one algorithm is preferable for the identification of specific neuromuscular activation features. 77 

The purpose of this study was to investigate whether PCA and NMF provide similar results when 78 

used to identify regional muscle activation from HDsEMG signals. We hypothesized that the 79 

identification of multiple regions within the VM activation patterns would be a robust physiological 80 

feature that was independent of the analysis method used (NMF or PCA). We also hypothesized that a 81 

single factor will explain only part of the total variance of the signal, indicating that a single EMG 82 

envelope estimate may not be representative of the whole VM muscle.  83 

 84 
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METHODS: 85 

Participants 86 

Twelve healthy people (4 F; 33 ± 13 years old; height: 179 ± 9 cm; weight: 75 ± 12 kg) participated in the 87 

study. Participants did not report any pain or neuromuscular disorders at the time of the data collection. 88 

The experimental protocol was approved by the UBC research ethics board, and each participant signed 89 

a consent form before starting the experimental session. 90 

Protocol 91 

The position and orientation of the EMG grid was defined on the basis of participant-specific anatomy of 92 

their vastus VM. Participants sat on an adjustable chair (Biodex Medical, Shirley, NY, USA). Their right leg 93 

was examined with an ultrasound scanner (Telemed, Vilnius, Lithuania) to define the mediolateral edges 94 

of their VM muscle. The position of the innervation zone across the VM, which can be observed in 95 

surface EMG signals as phase opposition of propagating action potentials (Gallina et al., 2013), was 96 

identified using a dry array (16 electrodes spaced 10 mm; OTBioelettronica, Torino, Italy) during a 97 

manually-resisted low-force knee extension. After cleaning the skin with a small amount of abrasive 98 

paste, a 64-channel grid (13x5 electrodes, one missing corner, 8 mm interelectrode distance, 99 

OTBioelettronica, Torino, Italy) was placed on the VM according to the identified anatomical landmarks; 100 

the grid was centered between the medial and lateral edges of the VM, and oriented to have VM 101 

innervation zone aligned between the second and third columns of electrodes (fig. 1). The grid was 102 

placed on the skin and kept in place with double-adhesive foam; conductive paste was used to ensure a 103 

good reading of the electrodes. Two adhesive electrodes (1 cm in diameter), placed on the patella and 104 

on the femoral medial epicondyle, were used as reference electrodes for the surface EMG system. The 105 

task consisted of a low-force isometric knee extension, performed with hip and knee joint flexion angles 106 
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of 90 degrees. Participants were provided with visual feedback of the EMG activation and were asked to 107 

reach a target amplitude of 50 µV (average of the 5 highest amplitude value of the electrode grid) in 108 

approximately 10 seconds, and to maintain that muscle activation for 30 s. After the protocol, the EMG 109 

activation during two maximal voluntary contractions was recorded; this showed that an activation of 50 110 

µV was approximately 5-10% of the maximal activation. Electromyographic signals were collected in 111 

monopolar modality at 2048 Hz using an amplifier (128-channel EMG-USB; OTBioelettronica, Torino, 112 

Italy). As thickness of the tissue interposed between the electrodes and the muscle is a factor known to 113 

influence EMG estimates, ultrasound was used to collect one image from the proximal and distal regions 114 

of the VM (approximately rows 3 and 10). 115 

Data Analysis 116 

The distance between skin surface and the most superficial region of the VM was measured from the 117 

ultrasound images using ImageJ (National Institutes of Health, Bethesda, Maryland, USA). After band-118 

pass filtering (10-400 Hz), a 30s epoch of the EMG signal was used for the analysis. The main analysis 119 

used EMG envelopes calculated by full-wave rectifying and then low-pass filtering (Butterworth, 4th 120 

order, 8 Hz) the EMG signal from each channel of the grid (fig.1); EMG envelopes were then down-121 

sampled to 32 Hz, resulting in 1920 time points. Factorization algorithms were run on a matrix M of 64 122 

(channels) by 1920 (time samples) for each participant separately. As the number of components may 123 

depend on the cut-off frequency used to calculate the envelope of the EMG signal (Hug et al., 2012), a 124 

secondary analysis compared signals filtered at different frequencies (2, 4, 6, 8, 12, 20 and 50 Hz), 125 

similarly to those used in other studies (Cronin et al., 2015; Gallina et al., 2016b; Huang et al., 2016; 126 

Masani et al., 2003; Staudenmann et al., 2013b; Vieira et al., 2010b). 127 

Non-negative Matrix Factorization (Lee and Seung, 1999) was run using a code from the Statistics 128 

Toolbox of Matlab 2014. In brief, the envelope matrix was factorized in N factors, each consisting of N 129 
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spatial weights and 1920 temporal scores. The algorithm performs a low-rank approximation of the 130 

matrix M in spatial weights SSNMF and temporal scores TCNMF. The factorization can be described as:  131 

M = SSNMF * TCNMF + ε 132 

where * denotes a matrix product and ε is the error between the original matrix M and the factorized 133 

matrix SSNMF * TCNMF. Through an iterative process, the NMF algorithm reduces ε so that M ≈ SSNMF * 134 

TCNMF. As the algorithm starts from random initial states of SSNMF and TCNMF, the processing was 135 

repeated 50 times starting with different random states each time. The factorization that resulted in the 136 

lowest error was chosen. As the number of factors has to be set prior to evaluating the NMF, the 137 

algorithm was run with a number of factors between 1 and 5. 138 

Principal component analysis (Joliffe 1986) was run using a custom-made computer program. In brief, 139 

the EMG envelope matrix M was factored into 64 principal components (PCs), each consisting of 64 140 

weights and 1920 coefficients. Weights were calculated as the eigenvectors ζ of the covariance matrix of 141 

M. Coefficients were calculated as ζ T * M, which is the matrix product between the transposed 142 

eigenvectors and the EMG envelope matrix. Principal components were sorted according to their 143 

eigenvalues. As the information of the spatial weights or temporal scores may be equivalent between 144 

the two factorization techniques, but expressed differently because of the non-negative constraint 145 

imposed by NMF and not by PCA, non-negative spatial weights and temporal scores were reconstructed 146 

from the PCA, in a similar manner to a previous study (Hodson-Tole and Wakeling, 2007). This is 147 

indicated in the text as reconstructed PCA (PCAr). In brief, the spatial weights of PC1r and PC2r were 148 

calculated as:  149 

PC1wR = PC1w + C PC2w 150 
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where PC1w and PC2w are the PCA weights, PC1wR is the weights of the reconstructed (non-negative) 151 

PC1, C was identified using an iterative process and corresponds to the largest value that results in 152 

PC1wR having all positive values. PC2wR was calculated with the same formula, but C was defined as the 153 

smallest negative value that results in PC2wR having all positive values. The temporal coefficients were 154 

identified using an iterative process based on least square difference. For each time sample, the error 155 

was calculated as: 156 

 157 

Where ENV is the original envelope for each time point (a matrix of 13x5 values), PC1wR and PC2wR are 158 

the reconstructed (non-negative) weights calculated from the PCA, D1 and D2 were values identified 159 

using an iterative process that minimized error at each time point.  160 

These factors, called spatial weights and temporal scores, were used instead of the original PCA factors 161 

when direct comparisons between spatial and temporal factors extracted with the two factorization 162 

techniques were made. 163 

For each number of factors, the quality of the reconstruction of the signal was assessed by comparing 164 

the variance of the signal reconstructed to that of the original signal. For both factorization techniques, 165 

the variance of the reconstructed signal was calculated using the coefficient of determination, 166 

calculated as: 167 

𝐶𝐷 = 1 −  
𝑆𝑆𝑅

𝑆𝑆𝑇
 168 

 169 
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 170 

 171 

where CD is the coefficient of determination, SSR is the sum of squared residuals, SST total sum of 172 

variance of all channels of the original signal M. The average variance explained by 1-5 factors was 173 

calculated for both PCA and NMF. 174 

Comparison of factors extracted with PCA and NMF 175 

The similarity between factors extracted with NMF and PCA was assessed by correlating the variance 176 

explained, the spatial weights and temporal scores. For each number of factors, concurrent validity 177 

between NMF and PCA was determined by calculating the association between the variance explained 178 

by the two techniques. As a secondary analysis, this was repeated for the EMG envelopes created by 179 

filtering the EMG signals at different frequencies. For NMF run with N = 2, spatial weights and temporal 180 

scores extracted with NMF and PCAr were compared according to their position within the VM (e.g.: 181 

spatial weights of the proximal NMF factor were correlated to spatial weights of the proximal PCAr 182 

factor). Each factor was determined to be encoding information from the proximal or distal VM based 183 

on the location of its active area (Gallina et al., 2016), which was defined as the “Rows” coordinate of 184 

the barycenter of the channels higher than 70% of the maximum spatial weight (Vieira et al., 2010a; 185 

fig.2). The barycenter was calculated as:  186 

 187 

where ch is each channel of the electrode grid, W is the value of the spatial weight, POS is the Y 188 

(proximal-distal) coordinate of the channel. 189 
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Comparison of proximal vs. distal NMF factors 190 

As factorization performed with NMF or PCA/PCAr was basically equivalent, this analysis was run on 191 

NMF only. For NMF run with N = 2, temporal and spatial independence of proximal vs. distal factors 192 

were tested by correlating temporal scores and spatial weights. To identify differences in size of the 193 

active area between factors, the percentage of channels with value higher than 70% of the maximum of 194 

each spatial weight (Vieira et al., 2010a; fig.2) was calculated and compared between proximal and 195 

distal factors to identify the difference in size of the active area within the muscle. The median 196 

frequency of the temporal scores was calculated using a Fourier-transform and compared to identify 197 

temporal differences associated with regional muscle activation patterns. 198 

Statistics 199 

Differences in the thickness of tissues interposed between skin and muscle between proximal and distal 200 

regions of the VM were tested using paired Wilcoxon test. The variance explained for the different 201 

number of factors is presented. For the EMG analyses, the Pearson correlation coefficient R was used to 202 

test association, and paired Student t-tests were used for between-algorithm and proximal-distal 203 

comparisons; both tests were run on N = 12 participants. Analyses on the variance explained considered 204 

5 factors for both PC and NMF. As 2 factors were shown to explain most of the variance of the signal (> 205 

85%), further analyses of spatial and temporal features of the factors were run on the first two 2 factors 206 

extracted with both PCA and NMF. This choice was also supported by the fact that anatomical (Smith et 207 

al., 2009; Peeler et al., 2005), biomechanical (Lin et al., 2004; Wilson and Sheehan, 2010) and motor 208 

control studies (Cabral et al., 2017; Rainoldi et al., 2008; Tenan et al., 2016) usually consider the VM as 209 

consisting of two regions, proximal and distal. To ensure that the proximal and distal factors explained 210 

most of the variance, NMF was run again considering exclusively the channels identified to be the active 211 
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area of either factor. The variance explained was calculated as described earlier and reported. The 212 

statistical significance was set at p < 0.05 or lower according to the Bonferroni correction required. 213 

 214 

RESULTS: 215 

The thickness of tissues interposed between skin and muscle was larger (p < 0.05) in the proximal 216 

(median: 5.9 mm; 25th-75th percentiles: 4.4-7.5 mm) than in the distal VM (median: 4.2 mm; 25th-75th 217 

percentiles: 3.5-6.3 mm). 218 

Spatial weights and temporal scores extracted with PCA and NMF 219 

The spatial weights of factors extracted with both algorithms exhibited clear regional organization 220 

(fig.1). PC1 always consisted of only positive weights and is an approximation of the mean signal. PC2 221 

described proximal/distal regional activation, having positive spatial weights in the proximal regions and 222 

negative spatial weights in the distal region, or vice versa. PC3 and above generally resulted in further 223 

regionalization along the longer dimension of the electrode grid, increasing the number of peaks with 224 

positive and negative spatial weights. Similarly, a single NMF factor had spatial weights distributed 225 

across all channels, whereas running the algorithm with a higher number of factors resulted in clusters 226 

of channels progressively more localized along the longer dimension. 227 

Variance explained, comparison of 1-5 factors 228 

The variance explained by different numbers of factors extracted with NMF and PCA was calculated to 229 

describe whether a single factor can adequately represent the envelope fluctuations of the VM. As 230 

depicted in figure 3, a single factor extracted with either PCA or NMF explained approximately 70% of 231 
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the variance of the signal (PCA: 70.9 ± 11.2%; NMF: 70.9 ± 11.2%); two and three factors explained just 232 

over 85% (PCA: 87.3 ± 5.6%; NMF: 87.3 ± 5.6%) or 90% (PCA: 92.7 ± 3.9%; NMF: 92.4 ± 3.8%) of the 233 

variance, respectively. When the envelopes were obtained by filtering the EMG signal at different 234 

frequencies, higher low-pass frequencies generally resulted in lower average variance explained 235 

(descriptive analysis; Table 1). Regardless of the filtering frequency, a single component accounted for 236 

less than 77% of the variance of the signal (PC1 2-50 Hz: 77-64%; PC2: 88-83%; PC3: 94-89%). 237 

Comparison of PCA and NMF 238 

Factorization with PCA (or PCAr) and NMF was compared by correlating 1) the variance explained for 239 

each number of components, 2) the spatial weights and 3) the temporal scores between the two 240 

algorithms. When matched for the number of factors, the variance explained by factorizing the EMG 241 

envelopes with PCA and NMF was highly comparable (R > 0.99 for any number of factors). The variance 242 

explained by PCA was significantly larger than that explained by NMF (paired T-tests, all p < 0.001; 243 

significant if p < 0.01 because of Bonferroni correction), although the absolute difference was minimal (1 244 

PC: < 0.001%; 5 PCs < 2%). Spatial weights and temporal scores extracted with PCAr and NMF were 245 

highly correlated, for both proximal and distal factors (all p < 0.001, mean R > 0.99). An example of the 246 

EMG envelopes from channels placed proximally to distally in the VM and factors obtained with PCA, 247 

NMF and PCAr is shown in figure 2. 248 

Comparison of proximal and distal NMF factors 249 

When NMF was repeated including only the channels identified as active area, separately for the 250 

proximal and distal factors, the variance explained was 88.2±4.9%, and this was greater than the 251 

variance when a similar number of channels was selected that was evenly distributed across the entire 252 

muscle (68%). The location of the centre of the active area of proximal and distal spatial weights for all 253 
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participants is shown in figure 4A. Each factor was always represented by a cluster of channels located in 254 

a single region of the grid. To investigate temporal and spatial independence of factors extracted with 255 

NMF, proximal spatial weights and temporal scores were correlated with distal spatial weights and 256 

temporal scores. Spatial weights of proximal vs. distal NMF factors were strongly, negatively associated 257 

(mean: R = -0.86 ± 0.11), meaning that the spatial weights reflected fluctuations of components located 258 

in different regions of the grid (fig. 2). Temporal scores of proximal vs. distal NMF factors were 259 

associated (7/12 positively, 5/12 negatively; p < 0.001 in 11/12 participants), but the R2 was on average 260 

small (0.05 ± 0.07; 0.06 ± 0.07 when tested with cross-correlation). 261 

To investigate location-dependent differences in the factors, the size of the active area of the spatial 262 

weights and the frequency of the fluctuation of the temporal scores were compared between proximal 263 

and distal factors. The active area (channels with spatial weights higher than 70% of the highest spatial 264 

weight) was larger for factors representative of proximal than distal VM regions in 9 participants out of 265 

12 (mean: 25.4 ± 4.1% vs. 19.1 ± 6.0%, p = 0.04; fig. 4B). The activity within the proximal region 266 

fluctuated more slowly (as quantified by the temporal scores) than the activity in the distal region 267 

(median frequency: 4.2 ± 0.3 vs. 4.5 ± 0.5 Hz, p = 0.03; Fig.4B); this trend was observed in all participants 268 

but one. 269 

 270 

DISCUSSION: 271 

Regional activation within the vastus medialis in low-force, isometric contractions was identified 272 

in this study using high-density surface electromyography and factorization algorithms. Factorization 273 

with (non-negative) PCA and NMF resulted in factors with highly comparable amounts of variance 274 

explained, as well as spatial and temporal features. As factorization with a single factor explained on 275 
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average 70% of the variance across channels, a single EMG envelope estimate does not provide 276 

complete information on the amplitude fluctuations of the whole vastus medialis EMG during an 277 

isometric task. This study also demonstrates that activation is modulated regionally within the VM.  278 

A single factor from either the NMF or PCA explained on average 70% of the variance across 279 

channels using either factorization algorithm, indicating that more than one factor is necessary to 280 

reconstruct an acceptable amount of the variance of the original signal. Up to 30% of the variance was 281 

explained by regional variations in muscle activity rather than common fluctuations across the muscle, 282 

suggesting that a single bipolar electrode would not fully capture the EMG across the whole muscle. 283 

However, it should be noted that a part of this variability may be due to noise. When NMF was applied 284 

exclusively to the channels identified as active area for proximal and distal components separately, the 285 

variance explained by a single factor was close to 90%, indicating that EMG amplitude fluctuations were 286 

similar across channels. While this supports the use of two components instead of one when analyzing 287 

EMG signals from the VM, the remaining 10% of unexplained variance could be due to noise or further 288 

regionalization within the proximal and distal factors. Indeed, as a larger number of components 289 

resulted in factors describing the activation of regions progressively smaller within the VM, it is 290 

suggested that the regionalization within the VM is not discrete (e.g.: proximal and distal), but instead 291 

continuous. This is in line with studies that showed highly localized stretch reflexes in VM regions as 292 

close as 10mm (Gallina et al., 2017), as well as investigations in other muscles (Herrmann and Flanders, 293 

1998). This finding suggests that the number of components considered can be varied depending on the 294 

spatial resolution needed for the analysis. A lower number of factors can describe the spatiotemporal 295 

activation of larger regions within the muscle, while a higher number will provide detailed information 296 

on the activation of more localized regions. For instance, if the aim of the analysis is to compare 297 

activation of proximal and distal VM, which apply forces to the patella in different directions (Lin et al., 298 

2004), it may be beneficial to factorize the signal using 2 components rather than having activation 299 
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profiles for a large number of smaller regions. As expected, envelopes calculated by filtering the EMG 300 

signals with lower cutoff frequencies resulted in larger amounts of variance. However, the observation 301 

that more than one factor is necessary to reconstruct an acceptable amount of the variance of the 302 

original signal holds for any of the frequencies tested; indeed, two components were needed to 303 

reconstruct an average value close to 90% for frequencies 2 to 20 Hz (89.7-86.2%), whereas three 304 

components were needed for envelopes calculated with a cut-off frequency of 50 Hz (89.3%). In this 305 

study, large individual differences in the variance explained by each number of factors were observed, 306 

with values ranging between 50% and 85% variance explained for a single component. This is likely due 307 

to differences in motor strategies as well as muscle architecture in the heterogeneous sample of 308 

participants recruited for this study. It has been previously discussed that the use of HDsEMG and 309 

factorization algorithms may help identify between-subject differences in muscle architecture or motor 310 

strategies on surface EMG variables (Huang et al., 2015); in line with this view, we report large inter-311 

individual differences in variance explained likely related to different contribution of regional VM 312 

activation across participants. 313 

As factors extracted with NMF or (non-negative, reconstructed) PCA resulted in almost 314 

equivalent variance explained and spatiotemporal features, it is suggested that these factors reflect 315 

information extracted from the signals rather than mathematical artefacts. This concurrent validity is 316 

established because the factors are identified in the two analyses based on different processes, i.e.: 317 

iterative reduction of residuals between original and reconstructed signal (NMF) and eigenvector 318 

decomposition of data covariance (PCA). Although a single factor explained a similar amount of variance 319 

between NMF and PCA, the PCA yielded significantly better reconstruction of the original signal; 320 

however, this difference was marginal (< 2%), suggesting a largely comparable performance of the two 321 

algorithms. Similarly, a recent study (Lambert-Shirzad and Van der Loos, 2017) showed that the number 322 

of synergies necessary to reconstruct muscle activation signals during upper limb reaching was similar 323 
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regardless of the algorithm used (PCA or NMF). Conceptually, the factorization of HDsEMG signals with 324 

NMF can be interpreted as the activation in time of a number of regions within the VM. Instead, PCA 325 

outputs a general drive to the muscle (PC1) and regional facilitation/inhibition (PC2, Figure 2). However, 326 

the two algorithms result in similar variance explained and similar spatial weights and temporal scores if 327 

a non-negative constraint is applied to the PCA reconstructions, suggesting that the two algorithms are 328 

able to identify the same patterns of regional activation. Future studies should investigate whether 329 

procedures to apply non-negative constrains to PCs different from the one used in this study yield 330 

different results. In addition, whether these two algorithms result in similar factorization of other 331 

surface EMG dataset is unknown; the similarity between the performance of the two algorithms 332 

observed in this study may be due to the characteristics of the dataset, which comprised 64 EMG 333 

channels with highly redundant information as many channels were positioned along the same muscle 334 

fibers (Staudenmann et al., 2013a). 335 

 The strong negative association between spatial weights of proximal and distal factors indicates 336 

that the two factors are located in separate spatial locations within the VM, with little overlap (see 337 

Figures 2, 4). The spatial information of these factors is consistent with previous studies on the VM. The 338 

fact that proximal and distal factors are represented by channels clustered in a muscle region, rather 339 

than scattered across the electrode grid, indicates groups of fibers residing in a specific muscle region 340 

(Gallina and Vieira, 2015) are more likely to fluctuate their activation together than motor units located 341 

far apart. These identified regions are indicative of activations of motor units located more proximally 342 

and more distally within the muscle as shown with selective, intramuscular stimulation (Gallina et al., 343 

2016). Finally, visual observation of the spatial weights of each factor have a single peak and a gradual 344 

decline in both directions of the grid, similarly to what observed in monopolar recordings over the 345 

innervation zone (Kleine et al. 2000; Rodriguez-Falces et al. 2013; Gallina et al. 2016a). Based on the 346 

similarities between the spatial representation of factors identified in this study and the anatomical 347 
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information from previous studies, it is reasonable to suggest that each factor represents the activation 348 

of a group of fibers residing in a region of the VM. 349 

 The minimal variance (R2 < 0.07 both for Pearson correlation and cross-correlation) shared by 350 

the temporal scores indicates almost independent temporal profiles of the factors identified. Contrary 351 

to PCA, NMF does not impose constraints on the temporal independence of the factors; hence, the low 352 

variance (R2 < 0.07) observed in this study suggests that fluctuations in the proximal and distal VM are 353 

mostly independent in time. However, while the R values were low, the correlation was positively or 354 

negatively significantly associated in 11/12 participants, possibly indicating subject-specific motor 355 

strategies. As the two factors were centered on the innervation zone of two different VM regions and 356 

not along the muscle fiber orientation (Gallina et al., 2016), differences in temporal profiles cannot be 357 

due to action potential propagation. Physiologically, these results point to a partially inhomogeneous 358 

neural drive to the VM muscle during isometric, low-force contractions. Several mechanisms may 359 

contribute to regional differences in neural drive. In the biceps brachii, short-term synchronization of 360 

motor units was reported to be higher for motor units located within the same regions than in different 361 

compartments of the muscle (Barry et al., 2009). Similarly, recent evidence suggests that common drive 362 

may be higher for motor units identified in the same than in different VM regions (Cabral et al., 2017). 363 

Regional variations in net neural drive may also stem from uneven reflex inputs or gains; as highly 364 

localized stretch reflexes can be observed when VM fibers as close as 10mm are stretched in humans 365 

(Gallina et al., 2017), localized 1A afferent feedback may contribute to uneven distribution to synaptic 366 

input to VM motoneurons. Through factorization of sEMG amplitude fluctuation, this study supports the 367 

fact that motor units located in the VM (and possibly VL) share a common synaptic input (Laine et al., 368 

2015), but at least a part of this neural drive is specific for motor units localized in different muscle 369 

regions (Tenan et al., 2016, 2013). 370 
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 Spatial and temporal features of proximal vs. distal factors were compared to identify region-371 

specific activation patterns within the VM. The proximal VM region was larger and the activation from 372 

this region fluctuated more slowly than the distal one, possibly indicating regional differences in 373 

anatomy and motor controls although more research is needed. The size of a factor may be related to 374 

the number of muscle fibers showing similar fluctuation of activation in time. Although speculative at 375 

this point, possible reasons for these differences are: 1) larger number of motor units showing common 376 

fluctuations in the proximal than in the distal VM; 2) larger territory size of motor units located 377 

proximally than distally; 3) regional differences in thickness of the tissues between recording electrodes 378 

and muscle; specifically, the distribution on the skin of surface EMG signals is known to depend on the 379 

depth of active motor units (Gallina and Vieira, 2015; Rodriguez-Falces et al., 2013; Roeleveld et al., 380 

1997); for this reason, thicker subcutaneous tissues in the proximal VM may have contributed to more 381 

“spread” in the surface EMG, and hence a larger proximal factor. Regional differences in the size of the 382 

factors may be due to one or more of the factors mentioned above, or other reasons; from the current 383 

data, only speculations can be made. Proximal-distal differences were also observed in the frequency of 384 

the temporal profile, the proximal factor fluctuating slower than the distal one, suggesting again 385 

regional differences in motor control strategies and/or anatomy; possible contributing factors may be 386 

region-specific motor unit synchronization, regional differences in the properties of individual motor 387 

unit action potentials, or differences in the frequency of the drive to VM regions possibly associated to 388 

the larger proportion of type I motor units in the proximal than in the distal VM (Travnik et al., 2013). 389 

These possibilities are, however, speculative at this point. 390 

CONCLUSIONS: 391 

PCA and NMF perform similarly in the identification of regional activation. In low-force isometric 392 

contractions of the vastus medialis, a single estimate of EMG envelope explains on average 70% of the 393 
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variance of the signal collected over several regions across the muscle. Factorization algorithms may be 394 

useful to extract common patterns or region-specific activation from HDsEMG recordings, identifying 395 

regions whose activation fluctuates largely independently. 396 

  397 
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TABLE: 505 

Table 1: Variance explained with PCA and NMF for EMG envelopes obtained with different cut-off 506 

frequencies. Values are averaged across participants.  507 

 PCA1 PCA2 PCA3 PCA4 PCA5  NMF1 NMF2 NMF3 NMF4 NMF5 

2Hz 77.0 89.6 93.9 95.9 97.0  77.0 88.6 90.1 90.8 91.3 

4Hz 75.0 88.2 92.9 95.2 96.5  75.0 88.1 91.2 91.9 92.6 

6Hz 72.9 87.6 92.6 94.9 96.4  72.9 87.6 92.0 93.1 93.6 

8Hz 70.9 87.3 92.7 95.0 96.5  70.9 87.3 92.4 94.1 94.6 

12Hz 69.5 87.0 92.7 95.2 96.6  69.5 87.0 92.6 94.7 95.6 

20Hz 68.0 86.2 92.2 94.8 96.3  68.0 86.2 92.1 94.5 95.6 

50Hz 63.8 82.6 89.1 92.5 94.6  63.8 82.6 89.0 92.2 94.1 

  508 
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FIGURES: 509 

 510 

Figure 1: Left: Position of the electrode grid; the three large circles depict innervation zones identified in 511 

different regions of the VM. Right (top two traces): Example of rectified EMG signals from two 512 

electrodes 64 mm apart and the corresponding EMG envelope (thick black lines). Bottom trace: The two 513 

envelopes are overlapped. The Pearson correlation coefficient between the two envelopes is 0.23, 514 

meaning that the amount of common signal between the two locations is minimal. 515 
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 516 

Figure 2: Top right: EMG envelopes from one column of the grid; their resulting factorization is shown 517 

below. Left: Spatial weights calculated with NMF, PCA and PCAr; the black circles identify the channels 518 

considered for the proximal and distal cluster, and the cross is their position. Right bottom: Temporal 519 

scores calculated with NMF, PCA and PCAr. Note the similarity between NMF and PCAr for both spatial 520 

weights and temporal scores. 521 

 522 
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Figure 3: Correlation between the percentage of variance explained by PCA and NMF using one (circle) 523 

to five (asterisk) factors for all 12 participants. The dotted line is the bisecting line. Data presented on 524 

the left and on the bottom represent the average and standard deviation of NMF and PCA variance 525 

across all participants, respectively, for 1-5 factors. 526 

 527 

Figure 4: A) Location of the active area of the NMF factors for each of the 12 participants (squares, 528 

proximal; diamonds, distal). B) Size of the active area of each NMF factor (percentage of channels in the 529 

proximal and distal cluster). C) Median frequency of the fluctuation of the temporal score of the NMF 530 

coefficients. 531 


