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Abstract

Discharge patterns from a population of motor units (MUs) were estimated with multi-chan-
nel surface electromyogram and signal processing techniques to investigate parametric dif-
ferences in low-frequency force fluctuations, MU discharges, and force-discharge relation
during static force-tracking with varying sizes of execution error presented via visual feed-
back. Fourteen healthy adults produced isometric force at 10% of maximal voluntary con-
traction through index abduction under three visual conditions that scaled execution errors
with different amplification factors. Error-augmentation feedback that used a high amplifica-
tion factor (HAF) to potentiate visualized error size resulted in higher sample entropy, mean
frequency, ratio of high-frequency components, and spectral dispersion of force fluctuations
than those of error-reducing feedback using a low amplification factor (LAF). In the HAF con-
dition, MUs with relatively high recruitment thresholds in the dorsal interosseous muscle
exhibited a larger coefficient of variation for inter-spike intervals and a greater spectral peak
of the pooled MU coherence at 13—35 Hz than did those in the LAF condition. Manipulation
of the size of error feedback altered the force-discharge relation, which was characterized
with non-linear approaches such as mutual information and cross sample entropy. The
association of force fluctuations and global discharge trace decreased with increasing error
amplification factor. Our findings provide direct neurophysiological evidence that favors
motor training using error-augmentation feedback. Amplification of the visualized error size
of visual feedback could enrich force gradation strategies during static force-tracking, per-
taining to selective increases in the discharge variability of higher-threshold MUs that
receive greater common oscillatory inputs in the B-band.
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Introduction

Force steadiness is a useful paradigm for investigating fine motor control and perceptuo-
motor variability [1, 2]. During constant isometric contraction, the smoothness of a force tra-
jectory is undermined by numerous intermittent drifts of the force output away from the target
force, known as force fluctuations. Accumulating evidence has convincingly shown that force
variability, particularly for those low-frequency force fluctuations under 4 Hz, are related to
visuomotor processes [3, 4, 5] and movement corrections [6, 7]. The amount of visual spatial
information can influence the properties of force fluctuations. For static isometric contraction
at very low exertion levels (2%-10% maximal voluntary contraction), the majority of previous
studies reported that a high spatial resolution of the visual display (or a smaller change in force
occupying a greater number of pixels) produced superior force steadiness for the young adults,
supported by reduction in the size of force fluctuations [8, 9, 10]. Although motor unit dis-
charge is a major determinant of force fluctuations [11, 12], the mean and coefficient of varia-
tion of the inter-spike interval of motor units of young adults are unexpectedly not tuned to
visual spatial information [3, 13], except that Laine et al [14] reported that all spectral bands of
the common oscillatory input to motor units varied with the spatial resolution of a visual dis-
play. In addition to experimental contexts, some of the inconsistency in the findings on the
visual impact on force fluctuations and motor unit discharge was due to the failure of previous
studies to specify the roles of high-threshold motor units. On account of lower and more vari-
ant discharge rates, high-threshold motor units with a larger twitch force are liable to produce
a greater size of force fluctuations [11, 15].

Execution errors during continuous adjustments of the planned motor goal are critical to
improving task quality [16]. Error detection relies predominantly on visual feedback to
reduce perception uncertainty from the proprioceptive and haptic inputs. Distorted visual
feedback could degrade task performance before the participants develop a new calibration
process to override the biased perception-action link. Intriguingly, error-augmentation feed-
back, a particular form of distorted visual feedback, does not exert a negative impact on task
success. For point-to-point movements with visual rotation, previous kinematic studies
showed that augmenting trajectory errors by adding a fixed bias to the original error could
expedite motor adaptations to novel task constraints [17, 18, 19]. Although spatiotemporal
tuning of force performance of central origins is known to selectively involve in striatal —
frontal circuit and parietal—frontal circuit [20, 21], yet the neural mechanisms underlying
variations in force performance with the error size are not fully lucid especially in the aspects
of motor unit physiology. In real practice, the augmentation of execution errors via visual
display is considered to be effective for facilitating motor recovery of patients with neurologi-
cal disorders [19, 22].

If error augmentation could increase control of force steadiness, low-frequency force fluc-
tuations and motor unit behaviors should show characteristic changes in favor of fine force-
tuning processes, and vice versa. Employing multi-electrode surface electromyography tech-
nology and decomposition procedures, this study aimed to examine how the size of visualized
execution error alter motor unit discharge and force-discharge relation during force-tracking
at a fixed exertion level. Our main hypotheses were that 1) force steadiness, high frequency
components, spectral dispersion, and complexity of force fluctuations would augment with
increasing error amplification factor that virtually multiplied the size of execution error, and
vice versa, 2) the inter-spike intervals of MUs (mean and variability) and common oscillatory
drives to MUs would increase with larger error amplification factor, particularly for motor
units with relatively high recruitment thresholds, and 3) the force-discharge relation would be
complicated by increasing error amplification factor.
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Materials and Methods

The participants were 14 healthy adults (6 males and 8 females; mean age: 25.87 + 1.19 years,
range: 21-35 years old) from a university campus or the local community. All were self-
reported as being right-handed, and none had symptoms or signs of neuromuscular diseases.
The research project was approved by an authorized institutional human research review
board (IRB) at the University Hospital of the National Cheng Kung University, Taiwan. All of
the participants signed an informed consent before the experiment, conforming to the Decla-
ration of Helsinki.

Experimental Procedures

The participants completed a unilateral static force task (isometric index abduction) under
three error feedback conditions (low amplification factor (LAF), normal amplification fac-
tor (NAF), and high amplification factor (HAF)) at a low force level (10% maximal volun-
tary contraction (MVC)). A low force level was chosen to prevent neuromuscular fatigue
during the multiple trials in this study. Each condition contained 3 experimental trials inter-
leaved with 3-minute pauses. Experimental trials were executed in a randomized order. The
participant was seated with his/her palm and forearm of the left hand firmly fixed within a
thermoplastic splint on the table. We considered the non-dominant limb for the force-
tracking task, because it would be more novel to the non-dominant limb as compared with
the dominant limbs [23]. The index finger was held slightly abducted (5 degrees of abduc-
tion), and its abduction force was measured using a force transducer (Model: MB-100,
Interface Inc., Scottsdale, AZ, USA). With verbal encouragement, the maximal voluntary
contraction (MVC) of the first dorsal interosseus (FDI) was determined by three contrac-
tion trials of index abduction with maximal effort of 5 s separated by 3 min pauses. The
average of the highest force value produced in each trial was the respective MVC for each
individual.

The experiment commenced after a rest period of 20 minutes. All the participants were
given three practice trials in each feedback condition (LAF, NAF, and HAF). In the practice
trials and the following experimental trials, the participants were instructed to produce an iso-
metric force by pushing their index finger against the force transducer and to match the force
produced to the target force line (10% MVC) displayed on the monitor (1024x768 pixels).
After a latent period of 3 seconds, the participants were given 1 second to reach the target
force and steadily maintained that force for 36 seconds under visual guidance (Fig 1). Then the
force output returned back to the resting state in 1 second, followed by another 3-second latent
period. An experimental trial took 44 seconds to complete. The time window of interest was
denoted as the 7th to 37th seconds of the experimental trial.

The force feedback of the three feedback conditions was mathematically transformed in
three different ways before it was displayed on the monitor (Fig 2) such that the participants
could visualize different degrees of mismatches between the same actual force output and
the target signal. In the low amplification (LAF) condition, the force output displayed on the
monitor (visualized force, VF) was equal to the sum of half of the real force (RF) plus half of
the target signal (T)(VF = 0.5*RF+0.5*T). The size of the visualized tracking error (VE) was
reduced so that the participant saw half of the real error (RE) of the static force-tracking task
(VE = 0.5"RE). In the normal amplification (NAF) condition, the participant was provided
with real error (VE = RE), as the visualized force output was identical to real force output. In
the high amplification (HAF) condition, the force output displayed on the monitor (VF) was
transformed with VF = 1.5*RF-0.5*T. The size of the perceived tracking error was aug-
mented by 50% during the static force-tracking task in the HAF condition (VE = 1.5*RE).
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Fig 1. Schematic diagrams of task protocol and recording of physiological data. The force task required the participant to couple force
output with the target signal (left plot) under three different feedback conditions. EMG decomposition analysis was performed throughout the
44 s data collection period (right plot), whereas only behavior and discharge variables from the 7" to the 37" seconds were considered, as
data in the time window of interest were considered relatively stable.

doi:10.1371/journal.pone.0170824.9001

To accentuate the differences, the spatial gain to the display target signal and the force out-
put was identical for all experimental conditions, with the visual resolution set at 15 pixels
per 1% MVC. The representation of visual gain with pixels per 1% MVC rather than pixels
to per Newton was to minimize potential strength effect across the participants on visual dis-
play. The inter-trial interval of rest was 3 minutes to minimize a potential fatigue effect. The
force signal was sampled at 1 kHz by an analog-to-digital converter with 16-bit resolution
(DAQCard-6024E; National Instruments Inc., Austin, TX, USA), controlled by a custom
program on a LabVIEW platform (LabVIEW v.8.5, National Instruments Inc., Austin, TX,
USA).

Electromyographic Recordings

Synchronized with the force signal, multi-electrode surface electromyography (EMG)(Bag-
noli SEMG system, Delsys Inc, Natick, MA, USA) with 5 surface pin-sensors (0.5 mm diame-
ter) was used to record activities of the FDI muscle. The pin-sensors were placed at the
center and at the corners of a 5 x5 mm square. Protruding from the housing of the electrode,
the pins of such sensors have blunted ends and do not puncture the skin when pressed
against it to detect muscle activities. The analog EMG signals from each pin-sensor were
amplified (gain = 1000) and filtered with a bandwidth of 20-450 Hz [24]. A high sampling
rate of 20 KHz was used to avoid introducing phase skew across channels for this decomposi-
tion-based surface EMG system [24, 25, 26]. Multi-channel surface EMG signals were
derived from pair-wise subtractions of voltages (4 single differential EMG channels) at the
five pin-detections. This type of spatial filtering allows accurate decomposition of the single
motor unit action potential (MUAP) [24, 25, 27], as baseline noise is strictly controlled to a
peak-to-peak value of less than 20 V. The software used for the post-decomposition pro-
cessing of action potential morphology was EMG works v.4.1 (Delsys Inc, Natick, MA,
USA), which can extract action potential “templates” of as many motor unit action potential
trains (MUAPTS) as practically possible using an enhanced artificial intelligence algorithm,
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Fig 2. lllustration of modulation of error feedback gain. Following mathematical transformation, the visualized force outputs (black bold
line) represent an on-line force trajectory that augments and reduces by 50% the original real tracking error (grey thin line) in the high
amplification (HAF) and low amplification (LAF) conditions, respectively. In the normal amplification (NAF) condition, visualized force output
is equal to real force output, such that the participant perceives the real tracking error during force-tracking. (VF: visualized force; VE:
visualized error; RF: real force; RE: real error; T: target signal)

doi:10.1371/journal.pone.0170824.9002

according to a previous proof-of-principle [25, 26]. The validity of the EMG decomposition
of each MUAPT was evaluated with the Decomposition-Synthesis-Decomposition-Compare
(DSDC) test [25, 28], the algorithm of the Bagnoli sSEMG system. The mean decomposition
accuracy was obtained by averaging the individual accuracies of all of the MUAPTS of experi-
mental trials of the feedback condition.

Data Analysis

To remove involuntary tremulous movements independent of voluntary error corrections, the
force signal of the index abduction was first conditioned with a low-pass filter (cut-off fre-
quency: 6 Hz) [7,29]. The remaining force components under 4 Hz are susceptible to most of
the effects of visuo-motor processes [3, 6]. In this study, we did not account for high-frequency
tremulous force movements (such as 8-12 Hz physiological tremor), as they are functionally
irrelevant to correcting force deviations in a visuomotor task [7, 30, 31]. After deleting the first
and last 7 seconds of force tracing, force data in the time window of interest were further ana-
lyzed (Fig 1). Force fluctuations, obtained following removal of a linear trend from the real
force output, were down-sampled at 100 Hz prior to feature extraction [8]. Temporal features
of force fluctuations were characterized with the root mean square (RMS) and sample entropy
(SampEn). SampEn is a popular and reliable entropy measure of the temporal aspects of
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biological variability [32]. The mathematical formula for sample entropy was
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where r = 15% of the standard deviation of the force channel and m = 3. A larger value repre-
sents a more complex structure of the low-frequency force fluctuations, and vice versa. Spectral
dimensions of force fluctuations were characterized with the mean frequency (MF), spectral
dispersion (Pgsp), and ratio of high frequency components (Ryg) of force fluctuations. The
MF was determined through a force spectral profile estimated with a fast Fourier transform
and the Welch method (Hanning window, window length: 2.048 seconds, overlapping time
segment: 1/4 x window length) with a spectral resolution of 0.1 Hz. Spectral dispersion of
force fluctuations was defined as the spectral ranges that consisted of 90% of the overall spec-
tral areas between the lowest 5% and the highest 5% of the spectral regions. The Ry was the
ratio of the spectral area above 1.5 Hz to the overall spectral regions of the force fluctuations.
With decomposition processing, binary spike trains that coded the activation of all motor
units with a value of 0 or 1 were identified. In line with the truncated force data, the discharge
variables were determined in the time window of interest (00:07 to 00:37) based on the decom-
posed EMG data of overall 44 seconds (Fig 3). The order of MU recruitment could also be
identified by inspecting the decomposed spike trains of all MUs during the early ramp-up
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Fig 3. Decomposition of motor unit discharge from multi-channel surface EMG and discharge patterns of individual motor units. Means (Mean
IS1) and coefficients of variance (CV_ISI) of inter-spike intervals of individual motor units are assessed with a single motor unit action potential train. The
spike trains are arranged from the bottom to the top according to recruitment thresholds of motor units. Global discharge trace was defined as convolution
of the cumulative spike trains of all motor units with a Hanning window of fixed duration. Discharge-force relation in this study was characterized with either
linear or non-linear association between detrended global discharge trace and detrended force fluctuations.

doi:10.1371/journal.pone.0170824.g003
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contraction (00:04 to 00:05). The motor units recruited above 5% MVC (half of target force)
were denoted as higher-threshold motor units (HT MUs) in this study. Experimentally
observed variability of the inter-spike interval for individual MUs in the time window of inter-
est was characterized with the coefficient of variation (CV). The grand average of ISI CV (ISI
CV_gav) was the mean of the ISI CV of a population of motor units. The mean inter-spike
interval and ISI_gav of all MUs and HT MUs were determined, respectively.

For each experimental trial, the degree of correlation between spike trains for all MUs
and HT MUs was calculated in the frequency domain, known as the pooled coherences MUs
of composite spike trains. Prior to calculation of the pooled coherences MUs, the two groups
of MUs from all identified MUs or from HT MUs were predetermined. Then the coherence
was analyzed with two cumulative spike trains, obtained by summing five motor unit spike
trains in each defined MU group (two MU groups composed of all identified MUs or two
MU groups simply composed of the HT MUs). This number of MU spike trains was used to
derive the cumulative spike trains as an empirical trade-off between the minimum number
of motor units and a high coherence sensitivity with a sufficient number of MUs [33]. For an
experimental trial of the three feedback conditions, the coherence obtained values were aver-
aged across 200 combinations of different cumulative spike trains. It has been demonstrated
that the correlation between cumulative trains of discharges of motor units can enhance
low-frequency common oscillatory inputs to motor units relative to traditional coherence
estimation by computing the coherence between pairs of motor units, due to effective sup-
pression of individual synaptic inputs to motor units [12, 34]. The magnitude squared
coherence values (C) were estimated with two unfiltered composite spike trains using a 1-s
Hanning window and an overlap of 90% [35]. The coherence values were converted to Fish-
er’s values (FZ) to minimize an intrinsic bias of the coherence estimates from each segment
profile [36]:

FZ = tan ' (\/C)

Following the z transformation, we subtracted the mean coherence between 100 and 500
Hz from each coherence profile because the mean coherence contained no significant coher-
ence [14,37]. Typically, the corrected pooled MU coherence contained two prominent spectral
peaks in the range of 0-4 Hz (ZCy_411,) and 13-35 Hz (ZC1;_3511,). Based on all MUs or those
HT MUs, ZCy 411, and ZC3_353, of the corrected pooled MU coherence were determined sub-
ject-by-subject for each experimental trial. Those coherence variables of the three trials were
averaged and compared across various error feedback conditions. Differences in the ZCq 4y,
and ZC,3 35y, represent differences in the strength of common oscillatory input to MUs in
each band.

Associations between force fluctuations and discharge patterns of motor units were
denoted as the force-discharge relation in this study. Prior to assessing the force-discharge
relation, we first estimated the cumulative spike trains of all identified MUs followed by a
smoothing procedure with Hanning windows of different durations (50 ms, 400 ms, and 1600
ms), with which the degree of tremulous discharges was differentially suppressed [38]. The
resulting low-frequency global discharge trace, or effective neural drive to muscle, has been
shown to reliably predict force fluctuations during static isometric contraction [34]. In addi-
tion to cross correlation, the association between detrended force fluctuation and detrended
global discharge trace was characterized with cross mutual information (MI) and cross sample
entropy (cross-SampEn), on account of the potential nonlinear effects of summing motor-unit
potentials to reproduce the patterns of force fluctuations [39]. Based on the joint probability
distribution, MI was used to measure the information shared by force fluctuations and global
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discharge trace. MI is mathematically formulated as:

MIX;Y) =) > plx,y)log(p(x.»)/p(x)ps(v)

yeY xeX

where p(x,y) is the joint probability density function of the time series of X and Y, and p;(x)
and p,(y) are the marginal probability density functions of X and Y, respectively. With formu-
las suggested to estimate the Kolmogorov entropy of a time series, cross-SampEn quantifies
asynchrony between two distinct but interactive variable statistics [32]. The simplified mathe-
matical expression is

A" (r)(X]Y)

Cross — SampEn(m,r,N) = _IH(W

)

We applied cross-sample entropy with m = 3 and r = 0.15 (where m is the embedding dimen-
sion and r is the tolerance limits of similarity) to a standardized time series of detrended global
discharge trace and force fluctuations, and therefore the complexity measure was independent
of magnitude of the two analyzed signals. Smaller values of cross-SampEn showed higher cou-
pling of the global discharge trace and force fluctuations. All of the force variables and dis-
charge variables of the three experimental trials were calculated subject-by-subject and then
averaged across subjects in different feedback conditions.

Statistical Analysis

The major interest of this study was to examine the effect of manipulating the size of error
feedback via visual feedback on low-frequency force fluctuations, discharge behaviors of MUs,
and force-discharge relation. We used repeated measures one-way ANOVA to contrast the
force fluctuation variables (RMS, SampEn, MF, spectral dispersion, and ratio of high frequency
components), decomposition variables (mean number of decomposed MUs and mean decom-
position accuracy), discharge variables (ISI_gav and ISI CV_gav), pooled MU coherence vari-
ables (ZCy_41, and ZCl 3 355,), and discharge-force relationship (cross correlation, MI, and
cross-SampEn) among the LAF, NAF, and HAF conditions. The level of significance was 0.05.
Signal processing and statistical analyses were completed using Matlab (Mathworks Inc., USA)
and the statistical package for Social Sciences (SPSS) for Windows v. 15.0 (SPSS Inc., USA).
Data reported in the texts and figures without specific illustrations are presented as

mean * standard error.

Results
Force Fluctuation Characteristics

The mean value of MVC of all 14 subjects was 24.07 + 8.12 N. Fig 4 displays the force output
and target signal of a representative trial and the pooled spectra of force fluctuations of three
trials from a typical subject for different feedback conditions. In terms of % MVC, Fig 5(a)
contrasts the temporal features (RMS and SampEn) of force fluctuations among different error
feedback conditions. The repeated measures ANOVA test revealed only a marginal effect of
error feedback on the size of the force fluctuations (F, ,5 = 3.02, p = 0.066), with a decreasing
trend of smaller force fluctuations for increasing size of error feedback. The complexity of
force fluctuations in terms of SampEn was subject to manipulation of error size (F, 56 = 13.02,
p < 0.001)(Fig 5(a)). Reduction in error feedback led to the smallest SampEn of force fluctua-
tions among the feedback conditions (LAF < HAF, NAF, p < 0.005). For the spectral dimen-
sion, the mean frequency (MF) and ratio of high frequency components of force fluctuations
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Fig 4. Representative trials of force data (left plots) and pooled power spectra (right plots) of force fluctuations in the
time window of interest from a typical participant for the low amplification (LAF), normal amplification (NAF), and high
amplification (HAF) conditions. FFgys: root mean square value of force fluctuations, FFsampen: Sample entropy of force
fluctuations, MF: mean frequency, Pgisp: power dispersion of force fluctuations, Ryr: ratio of high frequency components in force
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doi:10.1371/journal.pone.0170824.g004
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Fig 5. The contrast of force fluctuation variables among the low amplification (LAF), normal
amplification (NAF), and high amplification (HAF) conditions. (a) Temporal features of force fluctuations,

including RMS and sample entropy (SampEn). (b) Spectral features of force fluctuations, including mean
frequency, Pqisp: power dispersion of force fluctuations, Ry: ratio of high frequency components in force

fluctuations of force fluctuations.

doi:10.1371/journal.pone.0170824.g005
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Table 1. Mean and standard errors of inter-spike interval variables of all motor units and motor units of high threshold in the LAF, NAF, and HAF

conditions.

All Mus ISI_gav (Ms)
ISICV_gav

HT Mus ISI_gav (ms)
ISICV_gav

LAF NAF HAF Statistic

51.99+2.72 52.73+3.16 54.01+3.14 Fz06=1.01,p=0.379
0.216 + 0.006 0.218 +0.006 0.224 +0.007 Fs06=2.48,p=0.104
57.70+3.03 58.96 + 3.60 59.66 + 3.51 F>06=0.88, p=0.425
0.224 + 0.007 0.229 +0.008 0.237 +0.009* F206=4.03, p=0.030

LAF, low amplification factor; NAF, normal amplification factor; HAF, high amplification factor; All Mus, all motor units; HT Mus, higher-threshold motor units.

*: HAF > NAF, LAF, p=0.039

doi:10.1371/journal.pone.0170824.t001

(Ryg) were also a function of error amplification factor (mean frequency: F, »¢ = 24.85,

P < 0.001; Ryg: Fy 56 = 8.85, p = 0.002). The MF increased progressively with increment of
error feedback gain (HAF > NAF > LAF, p <.05)(Fig 5(b)), and Ry was lower in the LAF
condition than in the NAF and HAF conditions (p < 0.05). The ANOVA test also revealed
that power dispersion of force fluctuations (Pg;,) was a function of error amplification factor
(F2,26 = 10.44, p < 0.001), and the HAF presented the largest P, of the three conditions

(p < 0.05). The findings strongly suggest that temporal and spectral dimensions of force fluctu-
ations varied with the visualized error size during constant isometric contraction.

Discharge Characteristics and Common Oscillatory Inputs

The average number of motor units in an experimental trial following the decomposition pro-
cedure did not differ among the three feedback conditions (F, 55 = 0.28, p = 0.761)(LAF:

28.1 + 1.4 (18.0-36.7); NAF: 28.1 + 1.3 (19.7-38.0); HAF: 28.9 + 1.4 (16.4-34.7)). The overall
decomposition accuracy of motor units was not different among the feedback conditions
(F226=0.91, p=0.414)(LAF: 95.22 + 0.23% (92.82-96.03%); NAF: 94.88 £ 0.30% (92.10-
96.38%); HAF: 95.24 + 0.28% (range: 92.37-96.53%)). Table 1 summarizes the error feedback
effect on ISI_gav and ISI CV g4y for all motor units and higher-threshold motor units (HT
MUs) among the different feedback conditions. For all motor units, the ANOVA test revealed
an insignificant effect of error size on ISI_gav and ISI CV_gay. For the HT MUs, ISICV_gav
significantly depended on error amplification factor (F,,4 = 4.03, p = 0.030), with the highest
variations in inter-spike intervals for the HAF conditions (p = 0.039). However, ISI_gay was
independent of error amplification factor.

Fig 6(a) shows representative pooled motor unit coherences estimated based on all MUs
and those HT MUs under various feedback conditions, respectively, from a typical participant.
Each pooled motor unit coherence showed two major coherence peaks at 0-4 Hz (ZCy_411,)
and 13-35 Hz (ZCy3.351,)- The results of ANOVA showed that the ZC_y1y, of all MUs (F, 56 =
0.28, p = 0.760) and HT MUs (F, 55 = 0.74, p = 0.488) was not significantly affected by varia-
tions in error amplification factor. In contrast, ZCy3 355, of HT MUSs was a function of error
amplification factor (F, 56 = 5.15, p = 0.013), although the size effect was not evident for ZC,;_
351, of all MUs (F, 56 = 1.83, p = 0.181). Increases in error amplification factor were associated
with an increasing trend of ZC,3_351,, which was significantly larger in the HAF condition
than in the LAF condition (p = 0.012).

Force-discharge Relation

Fig 7(a)-7(c) summarize the results of the effect of visualized error size on the association of
force fluctuations and global discharge trace, characterized with cross correlation, mutual
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Fig 6. The contrast of pooled motor unit coherence among the low amplification (LAF), normal
amplification (NAF), and high amplification (HAF) conditions. (a) Pooled motor unit coherence following z
transformation and baseline correction from a typical subject. The pooled motor unit coherences for all motor
units and motor units of high threshold contain two major spectral peaks in 0—4 Hz (ZCy.44,) and 13-35 Hz
(ZC13-35H2)- (b) Mean and standard errors ZCy. 414, and ZC13.351 Of all motor units and motor units with high
threshold among the three different feedback conditions. (HT MUs: high-threshold motor units)

doi:10.1371/journal.pone.0170824.g006
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Fig 7. The contrast of force-discharge relations among the three different feedback conditions. The

force-discharge relations were characterized as cross correlation (a), mutual information (b), and cross

sample entropy (c) under various Hanning window durations (WD) used to smoothen the discharge rate.
(Xcorr: cross correlation; MI: mutual information; Cross-SampEn: cross sample entropy)(WD50: window

duration 50 ms; WD400: window duration 400 ms; WD1600: window duration 1600 ms).

doi:10.1371/journal.pone.0170824.g007
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information, and cross sample entropy. The size effect of force-discharge relation character-
ized with cross-correlation was significant only when an extremely long Hanning window
duration (1600 ms) was used to smoothen the global discharge trace (window duration 50 ms:
F, 26 =0.11, p = 0.892; window duration 400 ms: F, 55 = 1.88, p = 0.173; window duration 1600
ms: F, 56 = 10.26, p = 0.001). The use of mutual information to characterize force-discharge
could show a significant effect of visualized error size in the window durations of 400 ms

(F226 = 8.78, p = 0.001) and 1600 ms (F, ,¢ = 10.75, p < 0.001). The relation of force fluctua-
tions and global discharge trace decreased with increasing error feedback gain (p < 0.05). The
use of cross sample entropy to characterize the force-discharge relation resulted in a consistent
of size effect for all window durations (window duration 50 ms: F, 55 = 5.43, p = 0.011; window
duration 400 ms: F; 55 = 9.22, p = 0.001; window duration 1600 ms: F, 55 = 6.00, p = 0.007).
There was a progressive increase in the degree of asynchrony between force fluctuations and
global discharge trace with increasing error amplification factor (p < 0.05).

Discussion

The novel findings of this study were that 1) error-augmentation feedback led to more high-
frequency components, power dispersion, and irregularity of low-frequency force fluctuations
than did error-reducing feedback, 2) error-augmentation feedback increased the standardized
variability and pooled motor unit coherence at 13-35 Hz of the high-threshold MUs relative to
those of error-reducing feedback, and 3) non-linear approaches were better able to character-
ize the size effect on the association of force fluctuations and global MU discharge. The force-
discharge relation waned with increasing size of error feedback.

Behavioral Mechanisms Underlying the Effect of Error Feedback Size

As low-frequency fluctuations are functionally linked to the voluntary engagement of error
corrections with the sampled process [30, 31, 40, 41], the reduction in Ry and mean fre-
quency of force fluctuations (Fig 5(b)) jointly suggested a more sporadic error correction to
remedy force deviation from an ideal trajectory in the LAF condition. Furthermore, force fluc-
tuations of lower SampEn in the LAF condition indicated coarse-grained force gradation dur-
ing force-tracking with visual feedback of smaller error size. Hence, it is very likely that virtual
reduction in the size of execution error dampened some useful error information and oversim-
plified control of the force-tracking act in the LAF condition. The low complexity of force fluc-
tuations was reminiscent of the loss of physiological complexity during exhaustive contraction
[29] and aging processes [42, 43]. In contrast, the parametric changes in force fluctuations in
the HAF condition implied more explorations toward target exactness, which conceptually
support rapid motor adaptation with error-augmentation feedback from observations of
point-to-point movement with visuomotor rotation [17, 18, 19].

The Effect of Error Feedback Size on Motor Unit Control

To the best of our knowledge, no study has directly assessed how MU behaviors are tuned to
the size of error feedback on a visual display during static isometric contraction. Error-aug-
mentation feedback during static force-matching at 10% MVC led to a significant increase in
the standardized variability of the inter-spike intervals (ISI CV_g4y) of the high-threshold
MUs as compared to the NAF and LAF conditions (Table 1). Our observations are consistent
with a parallel effect of discharge variability and force fluctuations during low-level static con-
traction [34, 44]. More specifically, the effect of manipulation of error amplification factor on
discharge variability was ascribed to higher-threshold MUs, which generally exhibited more
variant discharge with a lower discharge rate and larger twitch force than lower-threshold
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MUs. Hence, it is of interest to specify common neuromodulatory inputs to populations of
higher-threshold MUs. Another potential source of increases in the variability of inter-spike
intervals is enhanced synaptic noises or variations in post-spike after-hyperpolarization [45],
which have relatively little influence on the control of force steadiness due to an effective can-
cellation effect in the motoneuronal pool [12,34].

Common input components were enhanced in pooled MU coherence following a summa-
tion of multiple spike trains [12, 34, 46]. Previous studies have shown that the delivery of low-
frequency common oscillatory inputs (< 4 Hz) to motor neurons is a key determinant of accu-
racy in force control [12, 47, 48]. The amplitude of 0-4 Hz common oscillatory inputs has
been shown to be negatively related to force steadiness [49], and the greater amplitude of 0-4
Hz common oscillatory inputs is associated with the larger size of force fluctuations [34]. In
this study, the insignificant modulation of the magnitude of force fluctuations (Fig 5(a)) was
compatible with the observation that 0-4 Hz common oscillatory inputs did not differ with
feedback condition (Fig 6). The size-dependent modulation of spectral and complexity features
of force fluctuations was seemingly contingent upon 13-35 Hz pooled motor unit coherence
(Fig 6(b)), though its role on force control was much less addressed. Pooled MU coherence in
the B-band can be of central origin and be related to interaction between cortical and spinal
circuits [12, 34, 46]. Due to an increasing demand for sensorimotor integration, the B-band
coherence showed an increasing trend with increasing effort [35] and a greater amount of spa-
tial visual information of a force task [14]. In fact, enhanced EEG-EMG coherence in the
band is critical to maintaining steady-state force control with precision [50, 51, 52]. Perez et al
[53] reported that a marked increase in EEG—EMG coherence around 15-35 Hz was observed
during a training session of visuomotor tracking [53], as a consequence of the higher degree of
attention and precision control required for early consolidation of learning a novel force task.
If the 13-35 Hz of pooled MU coherence is really a corollary to EMG-EEG in the f-band, the
error-augmentation feedback in this study could serve to facilitate force-tuning and better
exploit visual attention on force-tracking trajectory. Therefore, the potentiation of B-band
pooled MU coherence in the HAF condition explains concomitant behavioral changes in force
fluctuation property that favor a decreasing trend of smaller size of force fluctuations and
increases in strategic complexity and frequent force adjustments to remedy force deviations
during force-tracking (Fig 5). A notable point is that the modulation of force gradation using
error-augmentation feedback was selective, for only high-threshold MUs were subject to size-
dependent modulation of the B-band common oscillatory inputs (Fig 6(b)). Similarly, selective
control of lower-threshold and higher-threshold MUs was noted during fatiguing contraction
[54] and fast oscillatory contraction [24].

It should be emphasized that the neurophysiological mechanism underlying the size manip-
ulation of error feedback was fundamentally different from that of manipulation of the amount
of visual gain (or the number of pixels to represent force change) during static force produc-
tion [14]. The reason was apparent, since the visual gain was identical in the three feedback
conditions in this study. In actual practice, if visual gain of a force task decreases, changes in
visual angle with respect to a fixed degree of force fluctuations are smaller in the low-visual
gain condition. Visual angle is known to be the most important informational variables of task
accuracy for a force task [55]. Several previous experiments on isometric force control showed
that a low visual gain condition often associated with one-tenth of the number of visual angle
in a high visual gain condition [55]. A smaller visual angle hampers detection of the spatio-
temporal information from the movement and its feedback in visual space. The experimental
context adds difficulty to map movement trajectory to feedback positions, resulting in a lower
level of irregularity but a larger size of force fluctuations under the condition of low visual gain
for healthy adults [7, 8, 9]. As visual gain of all the feedback conditions was identical, we were
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able to physically manipulate the size of execution error without drastically altering visual
angle for all feedback conditions in this study. Hence, neither visual angle nor visual gain
could adequately account for differential performance variability and motor unit behaviors,
when different error amplification factors were used. Theoretically, manipulation of the size of
execution error altered the representation of the predicted “correct response”, and the mis-
match response is monitored by frontal executive function [56, 57]. In contrast, visual gain
determines visual acuity and somatotopic organizations of a force task. The manipulation of
visual gain should alter visuomotor processing principally involving in the visual cortex, pre-
motor cortex, and the right inferior parietal lobule [20, 21]. In fact, a high visual gain during
static force-tracking sometimes results in a greater size of force fluctuations [58, 59], together
with lower 0-5 Hz and higher 6-12 Hz pooled MU coherence [14]. The discrepancies in force
characteristics and pooled MU coherence address distinct mechanisms of the two task para-
digms by manipulating the error amplification factor and visual gain.

The Effect of Error Feedback Size on Force-discharge Relation

Theoretically, the summated discharge time series of all MUs should have accounted for the
majority of variability of the force exerted by the muscle. But, force-discharge relation is com-
plicated by viscous resistances of the musculotendon system that greatly attenuate the high-fre-
quency force components [37, 46]. Farina and his colleagues propose that the motoneuronal
pool serves as a linear filter to extract low-frequency common inputs to MUs with high linear
correlation with muscle force [12, 34]. Central to this argument is the fact that the cumulative
spike train of all MUs that are low-pass filtered, the effective neural drive [12, 34], can well rep-
resent low-frequency force fluctuations. It is interesting to find the progressive decrease in
neural representation of force fluctuations with the global discharge pattern with increasing
size of error feedback, characterized by cross sample entropy and lower mutual information of
the two data series (Fig 7(b) and 7(c). The results of the two non-linear approaches consistently
speak for the fact that low-frequency force fluctuations were less predictable by the effective
neural drive in the HAF condition. Under this circumstance, the transformation of neural
drive into force fluctuations may rely more on unidentified organizational discharge activities
from motoneuron subpopulations and/or the independent inputs, which are considered to
have a small influence on force genesis in the normal visual condition [12, 34]. As the cross
correlation was not a sensitive indicator to feature the size-dependent effect on force-discharge
relation (Fig 7(a), the alterations in force-discharge relation by variations in error amplifica-
tion factor should be non-linear. In part, the non-linearity is a physiological consequence of
selective modulation on high-threshold MUs with visualized error size.

Methodological Issues and Limitations

Several issues and limitations should be noted. First, the activities of individual MUs were
obtained from multi-electrode surface EMG in a noninvasive manner following state-of-the-
art decomposition techniques. Despite some inconsistencies in the decomposition frameworks
of multi-channel surface EMG [60, 61], the validity of the present surface EMG decomposition
algorithm proposed by De Luca et al. [25]and Nawab et al [26] has been independently verified
by different studies [15, 27, 62] from both physiological and engineering standpoints. Also, to
be rigorous, we conducted the experiment at a relatively low exertion level (10% MVC) to min-
imize MU waveform superimposition and applied the “reconstruct-and-test” procedure [26,
60] to verify the degree of accuracy of the attained identifications. In good agreement with pre-
vious studies reporting decomposition accuracies of 92.5% to 97.6% [25, 28], the high decom-
position accuracy of this study (92.1%-96.5%) did not vary with feedback conditions. The
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standard deviation and coefficient of variation of the firing intervals of the FDI in this study
were congruent with known physiological characteristics obtained with indwelling EMG [11,
63]. A methodological merit of surface EMG decomposition was that it could account for
force control based on more identifiable MUs of different recruitment thresholds than the
intramuscular approach, in that force behaviors are tuned to a population of MUs. Secondly, it
would be prudent to generalize the present findings to muscle contraction of other forms
(such as force-varying, concentric, and eccentric contractions), which may involve different
recruitment strategies and rate coding of MUs.

Conclusions

This study presents a preliminary investigation of behavioral and neurophysiological mecha-
nisms of force regulation when the size of error feedback varies. Capitalizing on characteristic
changes in force fluctuations, error-augmentation feedback provides a more frequent and
intricate force gradation process, which could increase the effectiveness of motor training by
increasing exploration variability. Force control associated with error-augmentation feedback
is pertinent to increases in the neurological degree of freedom for the firing patterns of high-
threshold MUs that receive B-band common oscillatory inputs and unidentified neural drives.

Acknowledgments

This research was supported by grants from the Ministry of Science and Technology, Taiwan,
R.O.C. under Grants No. MOST 103-2410-H-040-010-MY2 and MOST 104-2314-B-006-016-
MY3.

Author Contributions
Conceptualization: YCC ISH.

Formal analysis: YCC YTL ISH.
Investigation: ZRY CLH.
Methodology: YCC YTL WMH ISH.
Project administration: YCC ISH.
Visualization: YCC YTL.

Writing - original draft: YCC ISH.
Writing - review & editing: YCC ISH.

References

1. Marmon AR, Pascoe MA, Schwartz RS and Enoka RM. Associations among strength, steadiness, and
hand function across the adult life span. Med Sci Sports Exerc. 2011; 43: 560-567. doi: 10.1249/MSS.
0b013e3181f3f3ab PMID: 20689447

2. KobayashiH, Koyama Y, Enoka RM and Suzuki S. A unique form of light-load training improves steadi-
ness and performance on some functional tasks in older adults Scand. J Med Sci Sports. 2014; 24: 98—
110.

3. Vaillancourt DE, Larsson L and Newell KM. Time-dependent structure in the discharge rate of human
motor units. Clin Neurophysiol. 2002; 113: 1325—-1338. PMID: 12140014

4. FoxEJ, Baweja HS, Kim C, Kennedy DM, Vaillancourt DE and Christou EA. Modulation of force below
1 Hz: age-associated differences and the effect of magnified visual feedback. PLoS One. 2013; 8:
€55970. doi: 10.1371/journal.pone.0055970 PMID: 23409099

PLOS ONE | DOI:10.1371/journal.pone.0170824 January 26, 2017 17/20


http://dx.doi.org/10.1249/MSS.0b013e3181f3f3ab
http://dx.doi.org/10.1249/MSS.0b013e3181f3f3ab
http://www.ncbi.nlm.nih.gov/pubmed/20689447
http://www.ncbi.nlm.nih.gov/pubmed/12140014
http://dx.doi.org/10.1371/journal.pone.0055970
http://www.ncbi.nlm.nih.gov/pubmed/23409099

@° PLOS | ONE

Variations in Force Control with the Size of Error Feedback

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Tracy BL. Visuomotor contribution to force variability in the plantarflexor and dorsiflexor muscles. Hum
Mov Sci. 2007; 26: 796-807. doi: 10.1016/j.humov.2007.07.001 PMID: 17765988

Slifkin AB, Vaillancourt DE and Newell KM. Intermittency in the control of continuous force production. J
Neurophysiol. 2000; 84: 1708—-1718. PMID: 11024063

Chen YC, Lin YT, Huang CT, Shih CL, Yang ZR and Hwang IS. Trajectory adjustments underlying task-
specific intermittent force behaviors and muscular rhythms. PLoS One. 2013; 8: €74273. doi: 10.1371/
journal.pone.0074273 PMID: 24098640

Hong SL and Newell KM. Visual information gain and the regulation of constant force levels. Exp Brain
Res. 2008; 189: 61-69. doi: 10.1007/s00221-008-1403-z PMID: 18470508

Baweja HS, Kennedy DM, Vu J, Vaillancourt DE and Christou EA. Greater amount of visual feedback
decreases force variability by reducing force oscillations from 0—1 and 3—7 Hz. Eur J Appl Physiol.
2010; 108:935—43 doi: 10.1007/s00421-009-1301-5 PMID: 19953262

Prodoehl J and Vaillancourt DE. Effects of visual gain on force control at the elbow and ankle. Exp Brain
Res. 2010; 20067-79.

Moritz CT, Barry BK, Pascoe MA and Enoka RM. Discharge rate variability influences the variation in
force fluctuations across the working range of a hand muscle. J Neurophysiol.2005; 93: 2449-2459.
doi: 10.1152/jn.01122.2004 PMID: 15615827

Farina D, and Negro F. Common synaptic input to motor neurons, motor unit synchronization, and force
control. Exerc Sport Sci Rev. 2015; 43: 23-33. doi: 10.1249/JES.0000000000000032 PMID: 25390298

Jordan K, Jesunathadas M, Sarchet DM and Enoka RM. Long-range correlations in motor unit dis-
charge times at low forces are modulated by visual gain and age. Exp Physiol. 2013; 98: 546-55. doi:
10.1113/expphysiol.2012.067975 PMID: 22983995

Laine CM, Yavuz SU and Farina D. Task-related changes in sensorimotor integration influence the
common synaptic input to motor neurons. Acta Physiol. 2014; 211: 229-239.

Hu X, Rymer WZ and Suresh NL. Motor unit firing rate patterns during voluntary muscle force genera-
tion: a simulation study. J Neural Eng. 2014; 11: 026015. doi: 10.1088/1741-2560/11/2/026015 PMID:
24658323

Coombes SA, Corcos DM and Vaillancourt DE. Spatiotemporal tuning of brain activity and force perfor-
mance. Neuroimage. 2011; 54: 2226-2236. doi: 10.1016/j.neuroimage.2010.10.003 PMID: 20937396

Emken JL and Reinkensmeyer DJ. Robot-enhanced motor learning: accelerating internal model forma-
tion during locomotion by transient dynamic amplification IEEE Trans. Neural Syst Rehabil Eng. 2005;
13:33-39.

Patton JL, Wei YJ, Bajaj P and Scheidt RA. Visuomotor learning enhanced by augmenting instanta-
neous trajectory error feedback during reaching. PLoS One. 2013; 8: e46466. doi: 10.1371/journal.
pone.0046466 PMID: 23382796

Abdollahi F, Case Lazarro ED, Listenberger M, Kenyon RV, Kovic M, Bogey RA, et al. Error augmenta-
tion enhancing arm recovery in individuals with chronic stroke: a randomized crossover design Neurore-
habil. Neural Repair. 2014; 28: 120-128.

Coombes SA, Corcos DM, Sprute L and Vaillancourt DE. Selective regions of the visuomotor system
are related to gain-induced changes in force error. J Neurophysiol. 2010; 103: 2114-2123. doi: 10.
1152/jn.00920.2009 PMID: 20181732

Coombes SA, Corcos DM and Vaillancourt DE. Spatiotemporal tuning of brain activity and force perfor-
mance. Neuroimage 2011; 54: 2226-2236. doi: 10.1016/j.neuroimage.2010.10.003 PMID: 20937396

Casellato C, Pedrocchi A, Zorzi G, Rizzi G, Ferrigno G and Nardocci N. Error-augmentation robot ther-
apy to induce motor control improvement in childhood onset primary dystonia. J Neuroeng Rehabil.
2012; 9:46. doi: 10.1186/1743-0003-9-46 PMID: 22824547

Moon H, Kim C, Kwon M, Chen YT, Onushko T, Lodha N, et al. Force control is related to low-frequency
oscillations in force and surface EMG. PloS one 2014; 9: €109202. doi: 10.1371/journal.pone.0109202
PMID: 25372038

De Luca CJ, Kline JC and Contessa P. Transposed firing activation of motor units. J Neurophysiol.
2014; 112: 962-970. doi: 10.1152/jn.00619.2013 PMID: 24899671

De Luca CJ, Adam A, Wotiz R, Gilmore LD and Nawab SH. Decomposition of surface EMG signals J.
Neurophysiol. 2006; 96: 1646—1657. doi: 10.1152/jn.00009.2006 PMID: 16899649

Nawab SH, Chang SS and De Luca CJ. High-yield decomposition of surface EMG signals. Clin Neuro-
physiol. 2010; 121: 1602—1615. doi: 10.1016/j.clinph.2009.11.092 PMID: 20430694

Hu X, Rymer WZ and Suresh NL. Assessment of validity of a high-yield surface electromyogram
decomposition. J Neuroeng Rehabil. 2013; 10: 99. doi: 10.1186/1743-0003-10-99 PMID: 24059856

PLOS ONE | DOI:10.1371/journal.pone.0170824 January 26, 2017 18/20


http://dx.doi.org/10.1016/j.humov.2007.07.001
http://www.ncbi.nlm.nih.gov/pubmed/17765988
http://www.ncbi.nlm.nih.gov/pubmed/11024063
http://dx.doi.org/10.1371/journal.pone.0074273
http://dx.doi.org/10.1371/journal.pone.0074273
http://www.ncbi.nlm.nih.gov/pubmed/24098640
http://dx.doi.org/10.1007/s00221-008-1403-z
http://www.ncbi.nlm.nih.gov/pubmed/18470508
http://dx.doi.org/10.1007/s00421-009-1301-5
http://www.ncbi.nlm.nih.gov/pubmed/19953262
http://dx.doi.org/10.1152/jn.01122.2004
http://www.ncbi.nlm.nih.gov/pubmed/15615827
http://dx.doi.org/10.1249/JES.0000000000000032
http://www.ncbi.nlm.nih.gov/pubmed/25390298
http://dx.doi.org/10.1113/expphysiol.2012.067975
http://www.ncbi.nlm.nih.gov/pubmed/22983995
http://dx.doi.org/10.1088/1741-2560/11/2/026015
http://www.ncbi.nlm.nih.gov/pubmed/24658323
http://dx.doi.org/10.1016/j.neuroimage.2010.10.003
http://www.ncbi.nlm.nih.gov/pubmed/20937396
http://dx.doi.org/10.1371/journal.pone.0046466
http://dx.doi.org/10.1371/journal.pone.0046466
http://www.ncbi.nlm.nih.gov/pubmed/23382796
http://dx.doi.org/10.1152/jn.00920.2009
http://dx.doi.org/10.1152/jn.00920.2009
http://www.ncbi.nlm.nih.gov/pubmed/20181732
http://dx.doi.org/10.1016/j.neuroimage.2010.10.003
http://www.ncbi.nlm.nih.gov/pubmed/20937396
http://dx.doi.org/10.1186/1743-0003-9-46
http://www.ncbi.nlm.nih.gov/pubmed/22824547
http://dx.doi.org/10.1371/journal.pone.0109202
http://www.ncbi.nlm.nih.gov/pubmed/25372038
http://dx.doi.org/10.1152/jn.00619.2013
http://www.ncbi.nlm.nih.gov/pubmed/24899671
http://dx.doi.org/10.1152/jn.00009.2006
http://www.ncbi.nlm.nih.gov/pubmed/16899649
http://dx.doi.org/10.1016/j.clinph.2009.11.092
http://www.ncbi.nlm.nih.gov/pubmed/20430694
http://dx.doi.org/10.1186/1743-0003-10-99
http://www.ncbi.nlm.nih.gov/pubmed/24059856

@° PLOS | ONE

Variations in Force Control with the Size of Error Feedback

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

De Luca CJ, LeFever RS, McCue MP and Xenakis AP. Control scheme governing concurrently active
human motor units during voluntary contractions. J Physiol. 1982; 329: 129-142. PMID: 7143247

Lin YT, Kuo CH and Hwang IS. Fatigue effect on low-frequency force fluctuations and muscular oscilla-
tions during rhythmic isometric contraction. PLoS One. 2014; 9: e85578. doi: 10.1371/journal.pone.
0085578 PMID: 24465605

Miall RC, Weir DJ and Stein JF. Manual tracking of visual targets by trained monkeys. Behav Brain
Res.1986; 20: 185-201. PMID: 3730133

Pasalar S, Roitman AV and Ebner TJ. Effects of speeds and force fields on submovements during circu-
lar manual tracking in humans. Exp. Brain Res. 2005; 163: 214-225. doi: 10.1007/s00221-004-2169-6
PMID: 15668793

Richman JS and Moorman JR. Physiological time-series analysis using approximate entropy and sam-
ple entropy. Am J Physiol Heart Circ Physiol. 2000; 278: H2039-2049. PMID: 10843903

Rosenbaum R, Trousdale J and Josi¢ K. The effects of pooling on spike train correlations. Front Neu-
rosci. 2011; 5: 58. doi: 10.3389/fnins.2011.00058 PMID: 21687787

Farina D, Negro F, Muceli S and Enoka RM. Principles of motor unit physiology evolve with advances in
technology. Physiology. 2016; 31: 83—94. doi: 10.1152/physiol.00040.2015 PMID: 26889014

Castronovo AM, Negro F, Conforto S and Farina D. The proportion of common synaptic input to motor
neurons increases with an increase in net excitatory input. J Appl Physiol. 2015; 119: 1337-1346. doi:
10.1152/japplphysiol.00255.2015 PMID: 26404614

Amjad AM, Halliday DM, Rosenberg JR and Conway BA. An extended difference of coherence test for
comparing and combining several independent coherence estimates: theory and application to the
study of motor units and physiological tremor. J Neurosci Methods. 1997; 73: 69-79. PMID: 9130680

Baker SN, Pinches EMv and Lemon RN. Synchronization in monkey motor cortex during a precision
grip task. Il. effect of oscillatory activity on corticospinal output. J Neurophysiol. 2003; 89: 1941-1953.
doi: 10.1152/jn.00832.2002 PMID: 12686573

Negro F and Farina D. Factors influencing the estimates of correlation between motor unit activities in
humans. PLoS One. 2012; 7: e44894. doi: 10.1371/journal.pone.0044894 PMID: 23049762

Day SJ and Hulliger M. Experimental simulation of cat electromyogram: evidence for algebraic summa-
tion of motor-unit action-potential trains. J Neurophysiol. 2001; 86: 2144—2158. PMID: 11698507

Navas F and Stark L. Sampling or intermittency in hand control system dynamics. Biophys J.1968; 8:
252-302. doi: 10.1016/S0006-3495(68)86488-4 PMID: 5639937

Kuznetsov NA and Riley MA. Spatial resolution of visual feedback affects variability and structure of iso-
metric force. Neurosci. Lett. 2010; 470:121-125. doi: 10.1016/j.neulet.2009.12.068 PMID: 20045718

Vaillancourt DE and Newell KM. Aging and the time and frequency structure of force output variability. J
Appl Physiol.2003; 94: 903-912. doi: 10.1152/japplphysiol.00166.2002 PMID: 12571125

Ofori E, Samson JM and Sosnoff JJ. Age-related differences in force variability and visual display. Exp
Brain Res. 2010; 203: 299-306. doi: 10.1007/s00221-010-2229-z PMID: 20352199

Negro F, Holobar A and Farina D. Fluctuations in isometric muscle force can be described by one linear
projection of low-frequency components of motor unit discharge rates. J Physiol.2009; 587: 5925—
5938. doi: 10.1113/jphysiol.2009.178509 PMID: 19840996

Matthews PB. Relationship of firing intervals of human motor units to the trajectory of post-spike after-
hyperpolarization and synaptic noise. J Physiol.1996; 492: 597-628. PMID: 9019553

Farina D and Negro F. Accessing the neural drive to muscle and translation to neurorehabilitation tech-
nologies. IEEE Rev Biomed Eng. 2012; 5: 3—14. doi: 10.1109/RBME.2012.2183586 PMID: 23231985

Dideriksen JL, Negro F, Enoka RM and Farina D. Motor unit recruitment strategies and muscle proper-
ties determine the influence of synaptic noise on force steadiness. J Neurophysiol. 2012; 107: 3357—
3369. doi: 10.1152/jn.00938.2011 PMID: 22423000

Gallego JA, Dideriksen JL, Holobar A, Ibafiez J, Glaser V, Romero JP, et al. The phase difference
between neural drives to antagonist muscles in essential tremor is associated with the relative strength
of supraspinal and afferent input. J Neurosci. 2015; 35: 8925-8937. doi: 10.1523/JNEUROSCI.0106-
15.2015 PMID: 26063924

Farina D, Negro F, Gizzi L and Falla D. Low-frequency oscillations of the neural drive to the muscle are
increased with experimental muscle pain. J Neurophysiol. 2012; 107: 958-965. doi: 10.1152/jn.00304.
2011 PMID: 22049336

Kristeva-Feige R, Fritsch C, Timmer J and Liicking CH. Effects of attention and precision of exerted
force on beta range EEG-EMG synchronization during a maintained motor contraction task. Clin Neuro-
physiol. 2002; 113: 124-131. PMID: 11801434

PLOS ONE | DOI:10.1371/journal.pone.0170824 January 26, 2017 19/20


http://www.ncbi.nlm.nih.gov/pubmed/7143247
http://dx.doi.org/10.1371/journal.pone.0085578
http://dx.doi.org/10.1371/journal.pone.0085578
http://www.ncbi.nlm.nih.gov/pubmed/24465605
http://www.ncbi.nlm.nih.gov/pubmed/3730133
http://dx.doi.org/10.1007/s00221-004-2169-6
http://www.ncbi.nlm.nih.gov/pubmed/15668793
http://www.ncbi.nlm.nih.gov/pubmed/10843903
http://dx.doi.org/10.3389/fnins.2011.00058
http://www.ncbi.nlm.nih.gov/pubmed/21687787
http://dx.doi.org/10.1152/physiol.00040.2015
http://www.ncbi.nlm.nih.gov/pubmed/26889014
http://dx.doi.org/10.1152/japplphysiol.00255.2015
http://www.ncbi.nlm.nih.gov/pubmed/26404614
http://www.ncbi.nlm.nih.gov/pubmed/9130680
http://dx.doi.org/10.1152/jn.00832.2002
http://www.ncbi.nlm.nih.gov/pubmed/12686573
http://dx.doi.org/10.1371/journal.pone.0044894
http://www.ncbi.nlm.nih.gov/pubmed/23049762
http://www.ncbi.nlm.nih.gov/pubmed/11698507
http://dx.doi.org/10.1016/S0006-3495(68)86488-4
http://www.ncbi.nlm.nih.gov/pubmed/5639937
http://dx.doi.org/10.1016/j.neulet.2009.12.068
http://www.ncbi.nlm.nih.gov/pubmed/20045718
http://dx.doi.org/10.1152/japplphysiol.00166.2002
http://www.ncbi.nlm.nih.gov/pubmed/12571125
http://dx.doi.org/10.1007/s00221-010-2229-z
http://www.ncbi.nlm.nih.gov/pubmed/20352199
http://dx.doi.org/10.1113/jphysiol.2009.178509
http://www.ncbi.nlm.nih.gov/pubmed/19840996
http://www.ncbi.nlm.nih.gov/pubmed/9019553
http://dx.doi.org/10.1109/RBME.2012.2183586
http://www.ncbi.nlm.nih.gov/pubmed/23231985
http://dx.doi.org/10.1152/jn.00938.2011
http://www.ncbi.nlm.nih.gov/pubmed/22423000
http://dx.doi.org/10.1523/JNEUROSCI.0106-15.2015
http://dx.doi.org/10.1523/JNEUROSCI.0106-15.2015
http://www.ncbi.nlm.nih.gov/pubmed/26063924
http://dx.doi.org/10.1152/jn.00304.2011
http://dx.doi.org/10.1152/jn.00304.2011
http://www.ncbi.nlm.nih.gov/pubmed/22049336
http://www.ncbi.nlm.nih.gov/pubmed/11801434

@° PLOS | ONE

Variations in Force Control with the Size of Error Feedback

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Kristeva R, Patino L and Omlor W. Beta-range cortical motor spectral power and corticomuscular coher-
ence as a mechanism for effective corticospinal interaction during steady-state motor output. Neuro-
image. 2007; 36: 785—792. doi: 10.1016/j.neuroimage.2007.03.025 PMID: 17493837

Witte M, Patino L, Andrykiewicz A, Hepp-Reymond MC and Kristeva R. Modulation of human cortico-
muscular beta-range coherence with low-level static forces. Eur J Neurosci. 2007; 26: 3564-3570. doi:
10.1111/j.1460-9568.2007.05942.x PMID: 18052988

Perez MA, Lundbye-Jensen J and Nielsen JB. Changes in corticospinal drive to spinal motoneurones
following visuo-motor skill learning in humans. J Physiol. 2006; 573: 843—-855. doi: 10.1113/jphysiol.
2006.105361 PMID: 16581867

Contessa P and De Luca CJ. Neural control of muscle force: indications from a simulation model. J Neu-
rophysiol. 2013; 109: 1548-1570. doi: 10.1152/jn.00237.2012 PMID: 23236008

Vaillancourt DE, Haibach PS and Newell KM. Visual angle is the critical variable mediating gain-related
effects in manual control. Exp Brain Res. 2006; 173(4): 742—-750. doi: 10.1007/s00221-006-0454-2
PMID: 16604313

Gehring WJ and Fencsik DE. Functions of the medial frontal cortex in the processing of conflict and
errors. J Neurosci. 2001; 21: 9430-9437. PMID: 11717376

Luu P, Flaisch T and Tucker DM. Medial frontal cortex in action monitoring. J Neurosci. 2000; 20: 464—
469. PMID: 10627622

Sosnoff JJ and Newell KM. Information processing limitations with aging in the visual scaling of isomet-
ric force. Exp Brain Res. 2006; 170: 423—432. doi: 10.1007/s00221-005-0225-5 PMID: 16328264

Hu X and Newell KM. Visual information gain and task asymmetry interact in bimanual force coordina-
tion and control. Exp Brain Res. 2011; 212: 497-504. doi: 10.1007/s00221-011-2760-6 PMID:
21667039

De Luca CJ and Nawab SH. Reply to Farina and Enoka. The reconstruct-and-test approach is the most
appropriate validation for surface EMG Signal decomposition to date. J Neurophysiol. 2011; 105: 983—
984.

Negro F, Muceli S, Castronovo AM, Holobar A and Farina D. Multi-channel intramuscular and surface
EMG decomposition by convolutive blind source separation. J Neural Eng. 2016; 13: 026027. doi: 10.
1088/1741-2560/13/2/026027 PMID: 26924829

Hu X, Rymer WZ and Suresh NL. Motor unit pool organization examined via spike-triggered averaging
of the surface electromyogram. J Neurophysiol. 2013; 110: 1205-1220. doi: 10.1152/jn.00301.2012
PMID: 23699053

Adam A, De Luca CJ and Erim Z. Hand dominance and motor unit firing behavior. J Neurophysiol.
1998; 80: 1373—1382 PMID: 9744946

PLOS ONE | DOI:10.1371/journal.pone.0170824 January 26, 2017 20/20


http://dx.doi.org/10.1016/j.neuroimage.2007.03.025
http://www.ncbi.nlm.nih.gov/pubmed/17493837
http://dx.doi.org/10.1111/j.1460-9568.2007.05942.x
http://www.ncbi.nlm.nih.gov/pubmed/18052988
http://dx.doi.org/10.1113/jphysiol.2006.105361
http://dx.doi.org/10.1113/jphysiol.2006.105361
http://www.ncbi.nlm.nih.gov/pubmed/16581867
http://dx.doi.org/10.1152/jn.00237.2012
http://www.ncbi.nlm.nih.gov/pubmed/23236008
http://dx.doi.org/10.1007/s00221-006-0454-2
http://www.ncbi.nlm.nih.gov/pubmed/16604313
http://www.ncbi.nlm.nih.gov/pubmed/11717376
http://www.ncbi.nlm.nih.gov/pubmed/10627622
http://dx.doi.org/10.1007/s00221-005-0225-5
http://www.ncbi.nlm.nih.gov/pubmed/16328264
http://dx.doi.org/10.1007/s00221-011-2760-6
http://www.ncbi.nlm.nih.gov/pubmed/21667039
http://dx.doi.org/10.1088/1741-2560/13/2/026027
http://dx.doi.org/10.1088/1741-2560/13/2/026027
http://www.ncbi.nlm.nih.gov/pubmed/26924829
http://dx.doi.org/10.1152/jn.00301.2012
http://www.ncbi.nlm.nih.gov/pubmed/23699053
http://www.ncbi.nlm.nih.gov/pubmed/9744946

