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It is well-established that expertise developed through continuous and deliberate
practice has the potential to delay age-related decline in fine motor skills. However,
less is known about the underlying mechanisms, that is, whether expertise leads to a
higher performance level changing the initial status from which age-related decline starts
or if expertise-related changes result in qualitatively different motor output and neural
processing providing a resource of compensation for age-related changes. Thus, as a
first step, this study aims at a better understanding of expertise-related changes in fine
motor control with respect to force output and respective electrophysiological correlates.
Here, using a multidimensional approach, we investigated fine motor control of experts
and novices in precision mechanics during the execution of a dynamic force control task.
On the level of force output, we analyzed precision, variability, and complexity. We further
used dynamic mode decomposition (DMD) to analyze the electrophysiological correlates
of force control to deduce brain network dynamics. Experts’ force output was more
precise, less variable, and more complex. Task-related DMD mean mode magnitudes
within the α-band at electrodes over sensorimotor relevant areas were reduced in
experts, and lower DMD mean mode magnitudes related to the force output in novices.
Our results provide evidence for expertise dependent central adaptions with distinct and
more complex organization and decentralization of sensorimotor subsystems. Results
from our multidimensional approach can be seen as a step forward in understanding
expertise-related changes and exploiting their potential as resources for healthy aging.
Keywords: fine motor expertise, EEG, task-related brain activity, sensorimotor network, force control

INTRODUCTION
The dexterous use of hands, including the precise modulation of fingertip forces, is required
for many tasks of daily living. Normal hand functioning is realized by an elaborate and
highly automated, and therefore efficient, system of neuromuscular control (Vaillancourt and
Newell, 2002; Vieluf et al., 2015). The ability to precisely modulate fingertip force decreases

1

November 2018 | Volume 9 | Article 1540

Gölz et al.

Improved Neural Control in Experts

and therefore fewer attentional control (Stins et al., 2009; Vieluf
et al., 2018). Beyond behavioral improvements, based on the
adaptation mechanisms inherent in the development of expertise,
structural and functional changes occur in the brain (Rosenbaum
et al., 2006). An enlargement of task-specific cortical areas
in reaction to motor training was determined in monkeys by
Nudo et al. (1996) and confirmed for humans in professional
musicians (Elbert et al., 1995; Meister et al., 2005; Bangert and
Schlaug, 2006) and Braille readers (Sterr et al., 1998). From
a functional point of view, based on brain imaging studies,
experts’ information processing seems more efficient (Callan and
Naito, 2014; Debarnot et al., 2014) as reflected by more focused
activation in task-relevant areas and higher suppression of taskirrelevant activities (Krings et al., 2000; Haslinger et al., 2004;
Kim et al., 2008). On an electrophysiological level, increased
efficiency was reflected by a reduction of cortical potentials in
relevant areas in relation to the rest condition (Del Percio et al.,
2008, 2009; Babiloni et al., 2010). Furthermore, neural efficiency
was accompanied by a changed network characteristic. The
functional organization of the expert’s brain was characterized by
a stronger focus on communication between relevant areas and
the simultaneous suppression of irrelevant connections (Bernardi
et al., 2013; Binder et al., 2017) leading to a more efficient use
and integration of information gained from several networks
(Vieluf et al., 2018). Using a force maintenance task, Vieluf et al.
(2018) point to the opposing relationship between expertise- and
age-related processes, for which compensatory over activation of
brain areas was reported earlier (Ward and Frackowiak, 2003;
Reuter-Lorenz and Park, 2010) but could not clearly differentiate
these processes.
In summary, these previous results indicate that experts
perform better (i.e., more precise), with a less variable force
output, and their behavioral performance is more complex, and
while their information processing is characterized by increased
neural efficiency. While these findings are based on investigations
of simple or closed movements (Del Percio et al., 2008; Babiloni
et al., 2011; Vieluf et al., 2018), phases before the execution of
movements (Del Percio et al., 2011) or measurements during
rest (Babiloni et al., 2010), it still remains open how expertise is
characterized during the execution of a more complex domainspecific task with regard to its performance and information
processing.
In extension of Vieluf et al.’s (2018), we aimed to identify
expertise-related changes in the neural control of movements
by examining experts of fine motor control in the execution
of a complex domain-specific task. We proposed a dynamic
force control task as a domain-specific task for precision
mechanics. We used force and electrophysiological data from
the Bremen-Hand-Study@Jacobs (Voelcker-Rehage et al., 2013)
and selected markers that comprehensively describe force output
and reflect the different electrophysiological characteristics of
neural efficiency. In accordance with the studies mentioned above
(Krampe and Ericsson, 1996; Krampe, 2002; Law et al., 2004;
Vieluf et al., 2012), we expected fine motor experts to perform
better in a force control task than novices in this domain. More
specifically, in line with the studies of Stins et al. (2009) and
Vieluf et al. (2012), we expected a more precise, less variable

with advancing age, starting in early middle adulthood and
continuing through middle and old age (Lindberg et al., 2009;
Diermayr et al., 2011). This decline may result in increasing
demands on sensory, motor, and cognitive systems to maintain
fine motor abilities during work and leisure activities. On the
contrary, continuous and deliberate practice, leading to a domain
specific expertise, can induce positive plasticity resulting in
better performance and more efficient information transmission
(Rosenbaum et al., 2006; Callan and Naito, 2014). Therefore,
expertise might have a potential to postpone age-related decline
in fine motor control (Vieluf et al., 2012). Up to now, however,
the underlying processes that characterize expertise and expert
performance are not sufficiently understood. Thus, it is necessary
to characterize expertise-related changes in a suitable and
standardized research context before exploiting its potential
in terms of counteracting age-related decline or strengthening
compensatory resources. In this study, we compared fine motor
experts with novices in a force control task. Force control tasks
require the precise adaptation of fingertip forces under visual
control, as required in work routines of precision mechanics. To
better understand expertise-related differences, we investigated
behavioral markers of force control and electrophysiological
correlates characterizing the neural control of movements in fine
motor experts in comparison with novices within the working age
range.
There is no unified definition of expertise, which already
points to challenges in the investigation of this phenomenon.
Experts are people who repeatedly, and not accidentally, perform
excellently in a specific field or domain (Ericsson, 2006).
This refers to a highly domain specific characteristic, skill, or
knowledge that allows an expert to be distinguished from a
novice (Ericsson and Lehmann, 1996; Ericsson, 2006). Based on
this specificity, it is generally difficult to differentiate between
experts and nonexperts in a scientific laboratory setting (Ericsson,
2014). The challenge in investigating the phenomenon-inherent
properties and processes is to create a context that sufficiently
reflects the specific field of expertise (Ericsson and Lehmann,
1996) and at the same time allows to define meaningful and
standardized markers that differentiate between experts and
nonexperts. Tasks requiring fine motor control provide such a
research context in a suitable way. Fine motor tasks can be easily
implemented in a laboratory setting and allow to characterize
fine motor experts’ force control and its electrophysiological
correlates. Until now, only few studies have examined fine motor
experts in work-related contexts (Krampe and Ericsson, 1996;
Law et al., 2004; Vieluf et al., 2012) such as the field of music
(Krampe and Ericsson, 1996; Krampe et al., 2002). All studies
showed a superior performance in fine motor control tasks in
experts compared with novices. Using a force maintenance task,
Vieluf et al. (2012) found experts’ performance to be less variable,
more precise, and the time for force initiation to be shorter.
Moreover, there are first indicators of a more complex or less
regular performance output measured as center of pressure (CoP)
fluctuations (Schmit et al., 2005; Stins et al., 2009) and for
force maintenance (Vieluf et al., 2018) in experts. The higher
complexity allows experts to be more adaptive to changes in
task and environment indicating a higher motion automation
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a questionnaire on the daily use of hands (Trautmann et al.,
2011). In addition, clinical manual dexterity was assessed by
using the Purdue Pegboard test performed with the right hand
and in accordance with the manual (Model 32020, Lafayette
Instruments, Lafayette, IN, United States). A questionnaire on
demographic status and health identified the participants as
healthy and free of neurological restrictions and limiting injuries
of upper extremities. All participants had normal or corrected to
normal vision and hearing. All participants were right-handed,
which was assessed by the Edinburgh Handedness Inventory
(Oldfield, 1971). Each participant had conducted more than
200 trials of various force control tasks within experiments
during the previous sessions of the Bremen-Hand-Study@Jacobs.
Consequently, all participants were highly familiar with the setup
and tasks.

but more complex force output from the experts. Based on the
study conducted by Brunton et al. (2016), for the analysis of the
electrophysiological data, we used dynamic mode decomposition
(DMD) to extract spatiotemporally coherent patterns of the
captured electrical fields that represent the dynamic network
characteristics of brain activity. Here, we expected to find
indicators of increased neural efficiency, especially a changed
network behavior, in the expert group. More precisely, owing
to the change in information processing in experts as predicted
by the neural efficiency hypothesis (Callan and Naito, 2014), we
assumed a more focused activity in task-specific sensorimotor
areas. We also expected neural efficiency to be reflected in a
stronger activation of a task-specific sensorimotor network whose
internal communication is more focused and thus more centered.
Similar to our previous findings for a force maintenance task
(Vieluf et al., 2018), we assumed this to be reflected in lower
DMD values over sensorimotor relevant areas. Additionally, we
explored the relation between electrophysiological markers of
neural efficiency and force output markers.

Experimental Procedure
Prior to the measurements, the maximum voluntary contraction
(MVC) of each test subject was determined using the peak
force achieved out of three maximum precision grip trials,
5 s each with 2 min of rest in between them (Vieluf et al.,
2013b). After completion of the electroencephalogram (EEG)
setup, we recorded 30 s of EEG at rest while participants sat
on the chair with their eyes open. This resting state measure
is required to relate the following analyses to the task and
to normalize the differences between test persons. Afterward,
participants performed a dynamic force control task, with their
dominant right hand. Participants’ task was to match a curve
that represented their applied force as precisely as possible to
a target force presented on a screen at a distance of 80 cm
(1900 , frame rate 60 Hz). For this purpose, test persons sat on
a chair with arms resting quietly on the armrests and thumbs
and index fingers gripping a force transducer (Mini-40 Model,
ATI Industrial Automation, Garner, NC, United States) fixated
on the armrest. The target force changed over time in the form of
a sinusoidal time curve, so that the test persons had to constantly
adapt their force output with their thumbs and index fingers to
the target value. The force time curve of the target curve averaged
to 7 N (minimum: 2 N, maximum: 12 N) and was presented at a
frequency of 0.5 Hz. Both the target and the force produced were
displayed on the screen in front of the participants. The time axis
(x-axis) covered 5 s. The force (y-axis) was presented in a range
from 0 to 14 N. The target curve shifted from right to left, and the
presentation of the produced force moved from left to right on
the screen. In this setting, the participants always saw 1 s of the
upcoming target force curve in advance and 4 s of the already
exerted force and target curve (see Figures 1B,C). In order to
ensure that the target force level could be reached as quickly as
possible, the start of the target curve had been set in minimum
(i.e., in 2 N). Participants performed seven trials of 30 s each.
Familiarization was not carried out, as participants were already
familiar with the setup and task from their previous visits. While
performing the motor task, EEG was recorded.

MATERIALS AND METHODS
This work is based on the Bremen-Hand-Study@Jacobs
(Voelcker-Rehage et al., 2013), which aimed to characterize
age- and expertise-related differences in fine motor control
in a sample of novices and experts throughout the working
age-range. The data presented in this paper were collected
during the fourth session of this study. In the previous sessions,
participants underwent a series of behavioral tests including
measures of somatosensory performance (Reuter et al., 2012)
and force control (Vieluf et al., 2012, 2013a,b).

Participants
Data from 47 participants were analyzed in this study. All
participants had given their informed consent to the procedures
before participating. Participants were recruited via diverse
communication media (flyers, telephone calls, and newspaper
announcements) and received a reimbursement of eight Euros
per hour. The study was approved by the ethics committee of
the German Psychological Society and was in accordance with the
ethical standards laid down in the Declaration of Helsinki.
As mentioned above, participants were divided into fine
motor experts (exp: n = 25; age = 50 ± 9 years; 13 females,
MVC = 59.36 ± 21.94 N) and novices (nov: n = 22;
age = 51 ± 9 years; 13 females, MVC = 52.16 ± 21.94 N) based
on their occupation and years of experience in a job requiring
fine motor skills. Novices were defined as people whose daily
work routines were hardly influenced by fine motor skills such
as service employees (i.e., consultants, office clerks, insurance
agents, and vocational trainees in these occupations). The expert
group was comprised of participants with more than 10 years of
experience in a field with high demands for fine motor control,
here precision mechanics (e.g., optician, dentists, goldsmiths,
watchmakers). A 10-year inclusion criterion was chosen based
on the study conducted by Ericsson and Smith (1991), and
the daily use of hands in the work context was verified with
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Data Recording
Grip force data were recorded with the force transducer with a
sampling rate of 120 Hz with an amplitude resolution of 0.06
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FIGURE 1 | Illustration of the multidimensional approach. (A) DMD mean mode extraction at sensorimotor relevant electrodes. (B) Analysis of the difference of target
and applied force, indicated by the blue arrow. (C) Experimental setup. (D) Overview of force output and electrophysiological markers (SD = standard deviation,
MSE = multiscale entropy, DMD = dynamic mode decomposition).

N using a customized LabView (National Instruments, Austin,
TX, United States) program, which also provided online visual
feedback on the screen.
Electroencephalogram data acquisition was done with a 32electrode system with active electrodes (ActiveTwo, BioSemi,
Amsterdam, Netherlands). The signal was recorded with a
sampling rate of 2048 Hz and online band-pass filtered between
0.16 and 100 Hz. Electrodes were placed according to the 10–20
system (Jasper, 1958). In addition, the active common mode sense
(CMS) electrode and the passive driven right leg (DRL) electrode
were affixed next to Cz and used as reference and ground
electrodes, respectively1 . Vertical and horizontal eye movements
as well as mastoid potentials were recorded with six facial
electrodes designed for body-surface applications. Impedances
were kept below 5 kOhm.

finally included the absolute mean difference (arithmetic mean
of the deviation from the target force), the magnitude of
variability (standard deviation of the deviation from the target
force), and the complexity [multiscale entropy (MSE)], as
described in the study conducted by Costa et al. (2005) (see
Figures 1B,D).
Multiscale entropy allows to assess force output in the
context of underlying neurophysiological processes, which can
be assumed to indicate adaptability (Costa et al., 2005; Vieluf
et al., 2015). In addition, MSE is the calculation of sample entropy
values over several scales based on a coarse-graining procedure of
the signal. As with this procedure, multiple coarse-grained time
series are constructed by averaging the data points within nonoverlapping windows of increasing length; there are different
frequency ranges inherent in these time series. This allows to
focus on relevant scales informing about process dependent
changes in the signals’ complexity (Morrison and Newell, 2012;
Vieluf et al., 2015). To calculate the MSE, the vector length was
fixed at 2, and the tolerance frame was 20% of the standard
deviation of the signal (Costa et al., 2005; Vieluf et al., 2015).
Based on the signal length and sampling rate, the entropy
values of 60 scales were calculated. As an overall variable for
the complexity of the signal, the arithmetic mean of the MSE
values was determined over all scales (mean MSE). According
to the inherent frequencies, the entropy values of functionally
relevant scales were extracted based on the study conducted by
Vieluf et al. (2015). These were scale 2 (inherent frequencies
up to 30 Hz) representing the spectrum after filtering, scale 5
(inherent frequencies up to 12 Hz) representing the mechanisms
of sensorimotor processing and physiological tremor (Elble and

Data Analysis
For data analysis, MATLAB 2016b (MathWorks, Natick, MA,
United States) and the additional EEGLAB package 14.1
(Delorme and Makeig, 2004) were used.

Analysis of Force Output
For analysis of the force data, only the z-component of
the recorded force vector was further analyzed. Initially, the
force data were filtered offline with a fourth-order lowpass
butterworth filter with a cutoff frequency of 30 Hz. In order
to exclude the initiation phase, the first 2 s of the forcetime signals were excluded from further analysis. The analysis
1

https://www.biosemi.com/faq/cms&drl.htm

Frontiers in Physiology | www.frontiersin.org

4

November 2018 | Volume 9 | Article 1540

Gölz et al.

Improved Neural Control in Experts

relationship between the electrodes for a particular frequency and
indicates how much an electrode contributes to the dynamics
of the network. The linear model illustrates how the spatial and
temporal characteristics are linked. To increase the number of
modes computed and thus the approximation accuracy, the delay
embedding technique was applied, that is, data was stacked with
a stacking depth of h. As a result of the error analysis on 100
randomly chosen windows of participant data, also described
in Brunton et al.’s (2016), h = 2 was selected, as it revealed
minimum error. The DMD analysis therefore was performed on
an assembled data matrix, which stacked the first 99 data points
on top of the last 99 data points. In addition, DMD mean mode
magnitudes were calculated by averaging the mode magnitudes
over all windows and associated with certain frequency ranges.
A high DMD mode value indicates that the expression of the
signal of a certain frequency recorded by each channel is high in
relation to all other signals. By selecting the spatial distribution of
the signal on seed electrodes, it is possible to draw conclusions
about certain task-specific networks, such as the sensorimotor
network. To characterize sensorimotor processes, we chose DMD
mean modes at electrodes C3, C4, and Cz over sensorimotor
regions. Furthermore, as Del Percio et al. (2011) and Binder et al.
(2017) pointed out the importance of parietal areas in visuomotor
tasks, we chose DMD mean modes at (centro-)parietal electrodes
CP1, CP2, and Pz as seed electrodes and extracted the DMD
mean modes, which are associated with the α- (8–12 Hz) and
β- (12–30 Hz) frequency ranges. To obtain task-related values,
the values of the rest condition were subtracted from the task
condition in the same way as described in Brunton et al.’s (2016)
(see Figures 1A,D). Finally, DMD mean modes of all valid trials
were averaged per participant.

Randall, 1976; Vaillancourt and Newell, 2003), and scale 15
containing frequencies up to 4 Hz most relevant for sensorimotor
processing (Slifkin et al., 2000; Vaillancourt and Newell, 2003).
To identify outliers due to incorrect test execution, trials
whose absolute mean force levels were below or above 2.5 times
the standard deviation with regard to the group mean were
excluded from further analysis (Frank et al., 2006; Vieluf et al.,
2017). Thus, in the novice group, trials that were less than 4.7 N
or more than 8.6 N in relation to the mean force were rejected,
and in the expert group, trials that were less than 5.6 N or more
than 7.6 N in relation to the mean force were rejected. In total,
eight trials were excluded (experts: seven trials, novices: one trial).
This included all seven trials of an expert who was consequently
excluded from all further analysis.

Analysis of Electrophysiological Data
Electroencephalogram data were resampled to 200 Hz according
to the Nyquist theorem and cut based on trial onset and length.
Next, the data were re-referenced to the linked mastoids and
band-pass filtered using an FIR filter (low cut off: 4 Hz, high cut
off: 30 Hz). Later, the recordings were checked semiautomatically
for artifacts. Signal components whose difference of maximum
and minimum exceeded 120 µV within a window of 20 ms
were marked as artifact. This criterion was chosen based on the
common EEG analysis software (see BrainVisionAnalyzer, Brain
Products, 12.2.5 – 4). Furthermore, the signals and markings
were visually inspected by the authors of the study. Wrongly
detected artifacts were discarded, and undetected artifacts were
added. For further analysis, the time signals were divided into
segments with a length of 0.5 s (100 data points). Segments
in which artifacts were detected were rejected and remained
unconsidered. Owing to a technical artifact, all trials of one
subject (expert) had to be excluded from further analysis.
On average, nine segments per test person (nov: 10, exp: 8)
were rejected. Linear detrending had been applied to cleaned
data to eliminate voltage shifts. In addition, the signals were
amplitude normalized to reduce its contribution in further
analysis.
We used the exact DMD algorithm described in Brunton
et al.’s (2016), which was first proposed by Tu et al. (2014). This
algorithm allows observation of the expression of the signals
over the scalp detected by the EEG electrodes in relation to each
other and thus to draw a conclusion on the dynamic network
behavior of the brain. Herewith, not only the entire network
behavior but also the activity of certain (sub-)networks, such as
the sensorimotor network, can be approximated. In addition,
DMD approximates the relationship between two data series
X and X0 in a time window. Time windows of 0.5 s length
corresponding to 100 data points were analyzed. Linked spatial
and temporal characteristics were approximated for each time
window by a linear dynamical model given by Y =Φexp(Ωt)z,
where Φ is the DMD mode matrix, Λ is a diagonal matrix
with DMD eigenvalues along the diagonal from which Ω =
log(Λ)/∆t is obtained, t is time, ∆t = 0.005s, and z is computed
from the first data point x of X, that is, x =Φz. From the DMD
eigenvalues, the oscillation frequency f was computed as f =
|imag(Ω)/(2π )|. The mode matrix Φ represents the activation

Frontiers in Physiology | www.frontiersin.org

Statistical Analysis
The statistical analysis included the mean value of all valid
trials (maximum seven) of all participants excluding the outliers.
After data processing, this comprised 23 experts and 22 novices.
Analyses were performed using SPSS statistics 22 (IBM, Armonk,
NY, United States). Normal distribution was tested using the
Shapiro–Wilk test. Screening results were compared among
groups using t-test for two independent samples and Mann–
Whitney U-test in case of violation of normal distribution.
Multivariate analysis of covariance (MANCOVA) with the
between factor group (2; experts, novices) controlling for age
and MVC was conducted to determine significant differences
between experts and novices on the level of force output.
For the analysis of the electrophysiological data, we added
the within subject factor electrode (6; C3, C4, Cz, CP1, CP2,
Pz) to the model. In case of violations of sphericity, the
Greenhouse–Geisser adjustment was used, and corrected degrees
of freedom and p-values were reported. Significant interactions
and main effects were followed by Bonferroni corrected pairwise
comparisons. In addition to normal distribution, we checked
for homogeneity of error variances and covariance. Levene’s
test and Box’s test showed no violation here (both p > 0.05).
As analysis of variance was shown to be a robust statistical
procedure in case of violation of normal distribution, especially
with almost the same group sizes and group sizes over 10,
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U = 12.5, p < 0.01). No group differences were detected in the
MVC values (exp: median = 52.63 N, nov: median = 49.18 N,
U = 196.00, p = 0.20) and the pegboard results [exp: M = 15.51,
SD = 1.70, nov: M = 15.1, SD = 1.71, t(43) = 0.86, p = 0.40].

we decided not to choose nonparametric methods in case of
violation (Box, 1954; Glass et al., 1972; Schmider et al., 2010).
Following Cohen (1988) and as suggested by Lenhard and
Lenhard (2014), we considered effect size of η2p > 0.01 to 0.06
as small effects (equivalent to Cohen’s d of 0.2 to 0.4), η2p > 0.06
to 0.14 as medium effects (equivalent to Cohen’s d of 0.5 to
0.7), and η2p > 0.14 as large effects (equivalent to Cohen’s d
of > 0.8).
To detect relationships between electrophysiological data and
force output, variables of both levels were correlated using
Pearson product-moment correlation, and in case of violation
of the normal distribution Spearman rank correlation was used.
False discovery rate (Benjamini and Hochberg, 1995) was used
to correct the obtained p-values. As this analysis can be regarded
as rather explorative, we report both uncorrected and corrected
p-values. The correlation coefficients are judged according to the
study conducted by Hopkins et al. (2009) with r > 0.1 to 0.3
indicating low, r > 0.3 to 0.5 indicating medium, r > 0.5 to 0.7
indicating strong, r > 0.7 to 0.9 indicating very strong, and r > 0.9
indicating perfect correlations.

Force Output Results
Force output results are illustrated in Figure 2. Analyses revealed
significant differences between experts and novices. Precision
was higher, as indicated by lower mean differences, in the
expert group (M = 0.97 N, SD = 0.20 N) than in the group
of novices [M = 1.18 N, SD = 0.38 N; F(1,41) = 4.56,
p = 0.04, η2p = 0.10]. Experts’ force output was less variable
(M = 1.23 N, SD = 0.40 N) than that of novices [M = 1.23
N, SD = 0.40 N, F(1,41) = 4.80, p = 0.03, η2p = 0,11].
Differences in the complexity of the force output were found
between the experimental groups. Experts’ MSE was higher
overall [exp: M = 1.65, SD = 0.61, nov: M = 1.61, SD = 0.11,
F(1,41) = 4.64, p = 0.04, η2p = 0.10] and on scale 15 representing
sensorimotor processes [exp: M = 1.43, SD = 0.10, nov:
M = 1.36, SD = 0.61, F(1,41) = 4.29, p < 0.05, η2p = 0.10],
while no significant differences were observed for MSE scale
2 representing the spectrum after filtering [exp: M = 0.41,
SD = 0.09, nov: M = 0.41, SD = 0.09, F(1,41) = 0.001,
p = 0.91, η2p = 0.00] and scale 5 representing the mechanisms
of sensorimotor processing and physiological tremor [exp:
M = 0.71, SD = 0.09, nov: M = 0.41, SD = 0.11, F(1,41) = 0.15,
p = 0.67, η2p = 0.004].

RESULTS
MVC and Pegboard Results
A Mann–Whitney U-test indicated that the frequency of hand use
was higher in experts (median = 35) than in novices (median = 16,

FIGURE 2 | Behavioral results (A) mean difference (mean) and variability (SD). (B) Entropy values as mean over all scales and of chosen scales 2, 5, and 15. (C) MSE
curve of entropy values over all scales. All values as group mean and standard deviation. ∗ Indicates significant differences.
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p < 0.01 (pcor = 0.06); CP1: r = 0.62, p < 0.01 (pcor = 0.06); Pz:
r = 0.58, p < 0.01 (pcor = 0.06)], and mean MSE [C3: r = −0.47,
p = 0.03 (pcor = 0.12); CP1: r = −0.46, p = 0.04 (pcor = 0.14);
Pz: r = −0.47, p = 0.03 (pcor = 0.12)]. Furthermore, a significant
positive correlation between task-related DMD mean mode in the
β-frequency range at C4 and SD was found [r = 0.49, p = 0.02
(pcor = 0.12)]. In the expert group, only β DMD mean mode
at CP1 and MSE at scale 5 correlated significantly [r = −0.42,
p = 0.05 (pcor = 0.14)].

DISCUSSION
Based on the potential of domain specific expertise for delaying
age-related decline in fine motor control, we aimed to identify
expertise-related changes in the structure of the force output and
the respective neural control processes. In an effort to meet the
challenges in the investigation of expertise effects, we chose a
dynamic force control experiment conducted in the context of
the Bremen-Hand-Study@Jacobs (Voelcker-Rehage et al., 2013).
The force control task resembles the dynamic grasping pattern
frequently used by precision mechanics as part of their daily
work routines. In summary, experts in this study showed a more
precise and less variable force output. In addition, MSE analysis
further revealed higher complexity of motor control output in
experts. We further applied DMD to detect spatiotemporally
coherent patterns within the EEG and found lower DMD values
over sensorimotor relevant areas, which are indicators of different
(i.e., more efficient) activities within the sensorimotor network
for experts and novices in the α-frequency.

FIGURE 3 | Electrophysiological results. Task-related DMD mean mode at the
electrodes of interest C3, CP1, Pz, CP2, C4 in the α-frequency band (A) and
in the β-frequency band (B). All values as group mean and standard error.
∗ Indicates significant differences.

Electrophysiological Results
Figure 3 and Table 1 summarize the electrophysiological
results. Task-related DMD mean modes of seed electrodes
representing sensorimotor network activity were compared
between groups. In the α-frequency band, statistical analysis
revealed neither a significant main effect of group [F(1,41) = 2.99,
p = 0.09, η2p = 0.07] nor of electrode [Greenhouse–Geisser:
F(3.38,138.71) = 0.47, p = 0.72, η2p = 0.01]. A significant
interaction between electrode and group was found in the taskrelated DMD mean modes in the α-frequency [Greenhouse–
Geisser: F(3.38,138.71) = 3.72, p = 0.01, η2p = 0.09]. Post hoc
comparisons revealed significant differences between groups in
task-related DMD mean mode magnitudes at CP1 (p = 0.05)
and Pz (p = 0.04) and marginally significant differences at CP2
(p = 0.06) with lower values in the expert group (see Figure 2 and
Table 1). No significant group differences were present in α- taskrelated DMD mean modes at central electrodes (C3: p = 0.88, C4:
p = 0.21. Cz: p = 0.14). In the β-frequency band, statistical analysis
revealed no significant main effect of group [F(1,41) = 1.54,
p = 0.22, η2p = 0.04] and a significant main effect of electrode
[Greenhouse–Geisser: F(2.89,118.54) = 3.03, p = 0.03, η2p = 0.07].
Post hoc comparisons revealed no significant differences between
the electrodes here. No significant interaction between electrode
and group was found in the task-related DMD mean modes
in the β-frequency [Greenhouse–Geisser: F(2.89,118.54) = 1.05,
p = 0.37, η2p = 0.03].

Characteristics of Experts’ Force Output
In order to reveal differences in force control, the classical
measures of motor performance, precision (absolute mean
difference), and variability (standard deviation of the deviation
from the target force) were applied. Similar to results gained in
fine motor experts performing a finger tapping task (Krampe
and Ericsson, 1996) or a task specific to the profession of
surgeons (Law et al., 2004) and especially to findings from a
static force control task using the same participants (Vieluf et al.,
2012), experts were superior to novices in the dynamic force
control task. This was reflected in a smaller deviation from the
target force and a less variable performance, that is, the smaller
amplitude in force fluctuations of the expert group.
In order to infer the underlying organization of the
sensorimotor system, we further considered the complexity of the
force output (MSE). Compared with novices, experts showed a
more complex force output averaged over all scales (mean MSE)
and particularly on the scale related to sensorimotor processes
(MSE 15) but not on the scale related to tremor frequencies (MSE
5). Thus, extensive practice seems to alter neural processes of
motor control but not general age-related characteristics. With
this finding, we were able to, for the first time, describe the
complexity of the force output in a dynamic force control task
in the context of expertise and were thus able to extend the
findings of a force maintenance task (Vieluf et al., 2018). Previous
studies in healthy older adults and patients postulated the

Results of the Correlation Analysis
Significant positive correlations were found in the novice group
for the correlation between task-related DMD mean mode in the
α-frequency range at C3, CP1, and Pz and and mean difference
[C3: r = 0.49, p = 0.02 (pcor = 0.12); CP1: r = 0.52, p = 0.01
(pcor = 0.12); Pz: r = 0.49, p = 0.02 (pcor = 0.12)], SD [C3: r = 0.58,
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sensorimotor relevant electrodes. Experts showed lower DMD
mode magnitudes with significant differences in the (centro-)
parietal electrodes in the α-frequency band. As DMD modes
reflect the relation between all (sensorimotor relevant and
irrelevant) electrodes, a lower DMD mode in the relevant
frequencies above the sensorimotor areas could indicate a more
focused activity within a sensorimotor network. This would
further suggest a high specialization of this network. Owing
to the localization of the seed electrodes over sensorimotor
relevant brain areas, the α-frequency could be interpreted here
as motor related (Pineda, 2005). Consequently, the results
at this frequency could be considered in the context of a
more efficient translation of sensory information into motor
information modulated by a stronger sensorimotor network
(Pineda, 2005). The importance of integration and conversion
of sensory information could be reflected in the rather parietally
localized differences between experts and novices. This could
further suggest a higher network efficiency of the sensorimotor
network in the expert group, especially regarding the processing
of sensory information, which could be reflected in higher
motion automation as described above. The force control task
required the sensorimotor integration of visual information with
force output. Participants were strongly dependent on visual
feedback but could also use feedforward control based on the
1 s target preview. These findings are consistent with the study
conducted by Binder et al. (2017), who described a stronger
sensorimotor functional network in experts during the execution
of various visuomotor tasks and emphasized the importance
of the parietal areas herewith. Del Percio et al. (2011) also
illustrated the coupling of parietal regions during the preparatory
phase in shooting. Thus, it is conceivable that experts more
effectively integrate visuomotor information. We failed to find
any expertise-related effects for the β-DMD mean modes. The
participants in our study came to the lab and performed force
control tasks for the fourth time so that all participants (experts
and novices) might have partly automatized the execution of
the task and thus differences in the β-band might be reduced.
While the superior behavioral performance of experts suggests
that force control tasks are sensitive to expertise effects, the task
may not have completely represented the respective expertise
context (i.e., force modulation requirements at work). This might
have influenced these results. Consequently, it is possible that
expertise effects were lower than they would have been in even
more specific tasks. Finally, a high between-subject variability
could also be observed on the electrophysiological level in both
frequency bands, which suggests a high individuality of the
sensorimotor network.

TABLE 1 | TR DMD mean mode magnitudes at electrodes of interest in the
α-frequency and β-frequency.
α-Band
CP1∗

Pz∗

CP2

Mean

SD

Mean

Experts

0.0013

0.0207

−0.0010

0.0262

−0.0005

0.0235

Novices

0.0181

0.0330

0.0158

0.0344

0.0177

0.0334

C3

SD

Mean

C4

SD

Cz

Mean

SD

Mean

SD

Mean

SD

Experts

0.0064

0.0190

0.0049

0.0233

0.0054

0.0241

Novices

0.0068

0.0264

0.0134

0.0260

0.0168

0.0311

β-Band
CP1

CP2

Pz

Mean

SD

Mean

SD

Mean

SD

Experts

0.0097

0.0307

0.0116

0.0288

0.0144

0.0293

Novices

0.0207

0.0319

0.0199

0.0295

0.0194

0.0292

C3

C4

Cz

Mean

SD

Mean

SD

Mean

SD

Experts

0.0113

0.0295

0.0095

0.0290

0.0076

0.0284

Novices

0.0183

0.0278

0.0168

0.0304

0.0163

0.0271

∗ Indicates

significant group difference.

loss of complexity hypothesis (Vaillancourt and Newell, 2002).
According to this hypothesis, a decline in complexity is present
with advancing age and diseases (Lipsitz and Goldberger, 1992;
Vaillancourt and Newell, 2002). The higher complexity found in
experts in this work would follow the principle of this hypothesis
in the opposite way. Similarly, studies on force maintenance
(Vieluf et al., 2018) and on postural control (Schmit et al., 2005;
Stins et al., 2009) found higher complexity of the CoP oscillation
pattern in experts compared with novices. A higher complexity
in experts could be an indicator for greater motion automation
(Stins et al., 2009). In other words, experts may need less attention
and therefore less mental resources to accomplish the task. This
would correspond to a higher efficiency in movement control.
Furthermore, the increased complexity in experts could indicate
a greater movement flexibility, as postulated by Schmit et al.
(2005). Overall, we were able to confirm a superior performance
of the expert group using the classical measures, precision, and
variability. More interestingly, by assessing the complexity of
behavioral performance via MSE, we provide first indications
of a changed organization of sensorimotor control in experts.
Such expertise-specific reorganization might allow for more
adaptability when performing tasks.

Combined Reflection of
Electrophysiological and Force Output
Markers
The explorative correlation analysis revealed that for the novices,
but not the experts, lower α-DMD mean modes at C3, CP1, and
Pz were associated with the less variable and more precise force
output. Furthermore, a lower mean MSE was associated with
higher α-DMD mean modes at these electrodes in novices. In

Electrophysiological Markers of Experts’
Force Control
To investigate electrophysiological correlates of sensorimotor
processes, we used DMD to capture spatiotemporal patterns at
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the β-band we further found that lower DMD mean modes at C4
were associated with a lower variability of the force output. In
the expert group, there was only a negative correlation between
the β-DMD mean mode at CP1 and the MSE of scale 5: the
lower the β-DMD mean mode, the higher the MSE of scale
5. Speculatively stated, there could be a connection between
the dynamic network characteristics (neural efficiency) and the
performance level in the group of novices. Babiloni et al. (2011)
found similar associations between the coupling of the electrodes
in the α-band over sensorimotor relevant parietal areas and
performance. Although force control is an expression of many
different internal processes, a more efficient execution (lower
variability and higher precision) could be partially reflected
in altered brain activity patterns indicating neural efficiency.
On the other hand, there are no results in the expert group
that point to a simple relationship between force control and
electrophysiological markers. Rather, this could indicate a more
complex interaction of central and decentralized subsystems,
which could also be reflected in a higher complexity of the
force output, especially on the sensorimotor scale (MSE 15). This
points to the importance of multidimensional approaches in the
analysis and characterization of expert performance.
Taken together, the force output and electrophysiological
data confirm that continuous and deliberate practice at work
leads to domain specific plastic changes of the fine motor
control system. Alterations of the neuromuscular control are
opposing the commonly observed changes with aging, that is,
increase in error and variability as well as loss of complexity. In
addition, the interpretation of the electrophysiological findings
is in line with the neural efficiency hypothesis that experts
recruit smaller and more specific networks, opposing the changes
of brain activity with increasing age. The dedifferentiation
hypothesis states that with increasing age a loss of specificity
occurs. Thus, structures and mechanisms that are specialized
in young adults become less distinct or common to different
functions in older age (Baltes and Lindenberger, 1997; ReuterLorenz and Park, 2010). The reversal effects on multiple levels
suggest that continuous and deliberate practice has the potential
to postpone or counteract age-related declines. These results
might offer a foundation to design targeted interventions aiming
to counteract age-related losses. Correlations between force
output and electrophysiological markers were only present
in the group of novices. Potentially, this indicates a more
complex interaction between central and decentral systems in
experts.

This had the advantage of mapping different requirements of the
everyday task context and thus created a research context more
similar to the expertise context. Nevertheless, the relatively low
force levels could have had the disadvantage of different strength
requirements for the participants. Furthermore, it should be
noted that the participants here had already participated in three
force control experiments, which could have had an influence on
our results. Moreover, in this work, a resting measurement with
open eyes was chosen as a baseline for the EEG signal. Such a
baseline generally has the disadvantage of a higher exposure of
the signals to artifacts caused by eye movements and blinking,
which were removed during pre-processing. However, visual
stimuli may have had a possible influence on resting activity.
Nevertheless, such a rest condition was used in this study to
weaken the effect of a dominant visual (sub-) network, which we
expected to be engaged in the task. Therewith, we aimed to ensure
that the examined sensorimotor network characteristics reflected
a higher relation to the task itself.
In addition to traditional markers on the level of force
output, we used the nonlinear method to sample entropy on
different time scales. A general drawback of such methods is
the dependency of input parameters (e.g., vector size, tolerance
frame). As we chose these parameters in line with previous
studies (Costa et al., 2005; Vieluf et al., 2015), we assume that
our choice is valid. The main limitation for the interpretation
of the electrophysiological data however is the small number
of electrodes (n = 32) and the restriction to signal space.
Thereby, the interpretation of the decrease of DMD mean
modes as a decoupling remains speculative, though consistent
with the literature. Increasing the number of channels, MRI
co-registration, and transferring the signals into source space
would overcome the general low spatial resolution of EEG
in order to sharpen the results especially with regard to the
sensorimotor regions.
At last, it should be noted again that the correlation analysis
is explorative and the interpretation is based on the uncorrected
p-values. Therefore, interpretation of the correlation results
should be done with caution.

CONCLUSION
Here, we could confirm experts’ performance to be more
precise, less variable, and more complex, pointing to a superior
performance and changed organization of sensorimotor control.
The latter idea is supported by the finding that complexity is
higher for the MSE scale representing sensorimotor processing
but not for tremor. Electrophysiological correlates of force
control further indicate that information processing might be
more efficient in experts compared with novices. However, only
in novices, we found a directional relationship between network
characteristics and force output. This points to the importance
of examining expertise with comprehensive multidimensional
approaches. In summary, this study extends the knowledge
in the field of expertise. Understanding the changes related
to continuous and deliberate practice provides important
insights into the characteristics of a fully developed expertise.

Methodological Considerations
This study can only provide first insights into expertise-related
processes of the neuromuscular system as it is a cross-sectional
study. A longitudinal study would expand the findings here and
help to gain knowledge of how expertise is impacted by its
development and maintenance into older age to elucidate the
power of expertise in the context of aging. The chosen laboratory
context and task can be considered as a suitable context since
group differences are present in the force control task but not in
the pegboard test. We used fixed force levels instead of making
the force requirements relative to the MVC of the test persons.
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Considering these characteristics (i.e., neural efficiency, higher
complexity) in connection with results from aging research
suggests that expertise could be taken up as an opponent to
age-related changes. Nevertheless, it still remains open whether
expertise-related specificity and efficiency can be transferred to
non-expertise tasks and whether expertise-related changes tend
to favor reverse effects or the development of compensational
resources for age-related decline. We suggest that further
investigations are needed to understand how and to what extent
age-related changes can be affected by continuous and deliberate
practice. This study could provide a starting point here.

authors interpreted results, drafted parts of the work, approved
the final version of the manuscript, and agreed to be accountable
for all aspects of the work.

FUNDING
The research was supported by the German Research Foundation
[Deutsche Forschungsgemeinschaft (DFG), VO 1432/7-1] as a
part of the DFG priority program “Age-differentiated work
systems” (SPP 1184) and in part by the Forschungspreis 2015,
Paderborn University, Germany.

AUTHOR CONTRIBUTIONS
ACKNOWLEDGMENTS
E-MR, CV-R, BG, and SV set up the experiments. CG, E-MR,
CV-R, BG, and SV were involved in the conception of the work.
E-MR and SV collected data. CG and KM analyzed data. All

We thank Janine Ohmann and Sandra Fellehner for their support
during data collection.

REFERENCES

Del Percio, C., Babiloni, C., Marzano, N., Iacoboni, M., Infarinato, F., Vecchio, F.,
et al. (2009). "Neural efficiency" of athletes’ brain for upright standing: a highresolution EEG study. Brain Res. Bull. 79, 193–200. doi: 10.1016/j.brainresbull.
2009.02.001
Del Percio, C., Iacoboni, M., Lizio, R., Marzano, N., Infarinato, F., Vecchio, F.,
et al. (2011). Functional coupling of parietal α rhythms is enhanced in athletes
before visuomotor performance: a coherence electroencephalographic study.
Neuroscience 175, 198–211. doi: 10.1016/j.neuroscience.2010.11.031
Del Percio, C., Rossini, P. M., Marzano, N., Iacoboni, M., Infarinato, F., Aschieri, P.,
et al. (2008). Is there a "neural efficiency" in athletes? A high-resolution
EEG study. Neuroimage 42, 1544–1553. doi: 10.1016/j.neuroimage.2008.
05.061
Delorme, A., and Makeig, S. (2004). EEGLAB: an open source toolbox for analysis
of single-trial EEG dynamics including independent component analysis.
J. Neurosci. Methods 134, 9–21. doi: 10.1016/j.jneumeth.2003.10.009
Diermayr, G., McIsaac, T. L., and Gordon, A. M. (2011). Finger force coordination
underlying object manipulation in the elderly - a mini-review. Gerontology 57,
217–227. doi: 10.1159/000295921
Elbert, T., Pantev, C., Wienbruch, C., Rockstroh, B., and Taub, E. (1995). Increased
cortical representation of the fingers of the left hand in string players. Science
270, 305–307. doi: 10.1126/science.270.5234.305
Elble, R. J., and Randall, J. E. (1976). Motor-unit activity responsible for 8- to 12-Hz
component of human physiological finger tremor. J. Neurophysiol. 39, 370–383.
doi: 10.1152/jn.1976.39.2.370
Ericsson, K. A. (2006). The Cambridge Handbook of Expertise and Expert
Performance. Cambridge: Cambridge University Press. doi: 10.1017/CBO9
780511816796
Ericsson, K. A. (2014). Why expert performance is special and cannot be
extrapolated from studies of performance in the general population: a response
to criticisms. Intelligence 45, 81–103. doi: 10.1016/j.intell.2013.12.001
Ericsson, K. A., and Lehmann, A. C. (1996). Expert and exceptional performance:
evidence of maximal adaptation to task constraints. Annu. Rev. Psychol. 47,
273–305. doi: 10.1146/annurev.psych.47.1.273
Ericsson, K. A., and Smith, J. (1991). Toward a General Theory of Expertise:
Prospects and Limits. Cambridge: Cambridge University Press.
Frank, T. D., Friedrich, R., and Beek, P. J. (2006). Stochastic order parameter
equation of isometric force production revealed by drift-diffusion estimates.
Phys. Rev. E Stat. Nonlin. Soft Matter Phys. 74, 51905. doi: 10.1103/PhysRevE.
74.051905
Glass, G. V., Peckham, P. D., and Sanders, J. R. (1972). Consequences of failure
to meet assumptions underlying the fixed effects analyses of variance and
covariance. Rev. Educ. Res. 42:237. doi: 10.2307/1169991
Haslinger, B., Erhard, P., Altenmüller, E., Hennenlotter, A., Schwaiger, M., Gräfin
von Einsiedel, H., et al. (2004). Reduced recruitment of motor association

Babiloni, C., Infarinato, F., Marzano, N., Iacoboni, M., Dassù, F., Soricelli, A., et al.
(2011). Intra-hemispheric functional coupling of alpha rhythms is related to
golfer’s performance: a coherence EEG study. Int. J. Psychophysiol. 82, 260–268.
doi: 10.1016/j.ijpsycho.2011.09.008
Babiloni, C., Marzano, N., Infarinato, F., Iacoboni, M., Rizza, G., Aschieri, P., et al.
(2010). "Neural efficiency" of experts’ brain during judgment of actions: a highresolution EEG study in elite and amateur karate athletes. Behav. Brain Res. 207,
466–475. doi: 10.1016/j.bbr.2009.10.034
Baltes, P. B., and Lindenberger, U. (1997). Emergence of a powerful connection
between sensory and cognitive functions across the adult life span: a new
window to the study of cognitive aging? Psychol. Aging 12, 12–21.
Bangert, M., and Schlaug, G. (2006). Specialization of the specialized in features
of external human brain morphology. Eur. J. Neurosci. 24, 1832–1834.
doi: 10.1111/j.1460-9568.2006.05031.x
Benjamini, Y., and Hochberg, Y. (1995). Controlling the false discovery rate: a
practical and powerful approach to multiple testing. J. R. Stat. Soc. Ser. B 57,
289–300.
Bernardi, G., Ricciardi, E., Sani, L., Gaglianese, A., Papasogli, A., Ceccarelli, R., et al.
(2013). How skill expertise shapes the brain functional architecture: an fMRI
study of visuo-spatial and motor processing in professional racing-car and naïve
drivers. PLoS One 8:e77764. doi: 10.1371/journal.pone.0077764
Binder, J. C., Bezzola, L., Haueter, A. I. S., Klein, C., Kühnis, J., and Baetschmann, H.
(2017). Expertise-related functional brain network efficiency in healthy older
adults. BMC Neurosci. 18:2. doi: 10.1186/s12868-016-0324-1
Box, G. E. P. (1954). Some theorems on quadratic forms applied in the study
of analysis of variance problems, ii. effects of inequality of variance and of
correlation between errors in the two-way classification. Ann. Math. Statist. 25,
484–498. doi: 10.1214/aoms/1177728717
Brunton, B. W., Johnson, L. A., Ojemann, J. G., and Kutz, J. N. (2016). Extracting
spatial-temporal coherent patterns in large-scale neural recordings using
dynamic mode decomposition. J. Neurosci. Methods 258, 1–15. doi: 10.1016/
j.jneumeth.2015.10.010
Callan, D. E., and Naito, E. (2014). Neural processes distinguishing elite from
expert and novice athletes. Cogn. Behav. Neurol. 27, 183–188. doi: 10.1097/
WNN.0000000000000043
Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences. Hillsdale,
NJ: Erlbaum.
Costa, M., Goldberger, A. L., and Peng, C. K. (2005). Multiscale entropy analysis of
biological signals. Phys. Rev. E 71, 1–18. doi: 10.1103/PhysRevE.71.021906
Debarnot, U., Sperduti, M., Di Rienzo, F., and Guillot, A. (2014). Experts bodies,
experts minds: how physical and mental training shape the brain. Front. Hum.
Neurosci. 8:280. doi: 10.3389/fnhum.2014.00280

Frontiers in Physiology | www.frontiersin.org

10

November 2018 | Volume 9 | Article 1540

Gölz et al.

Improved Neural Control in Experts

areas during bimanual coordination in concert pianists. Hum. Brain Mapp. 22,
206–215. doi: 10.1002/hbm.20028
Hopkins, W. G., Marshall, S. W., Batterham, A. M., and Hanin, J. (2009).
Progressive statistics for studies in sports medicine and exercise science. Med.
Sci. Sports Exerc. 41, 3–13. doi: 10.1249/MSS.0b013e31818cb278
Jasper, H. H. (1958). Report of the committee on methods of clinical examination
in electroencephalography. Electroencephalogr. Clin. Neurophysiol. Suppl. 10,
370–375. doi: 10.1016/0013-4694(58)90053-1
Kim, J., Lee, H. M., Kim, W. J., Park, H. J., Kim, S. W., Moon, D. H., et al. (2008).
Neural correlates of pre-performance routines in expert and novice archers.
Neurosci. Lett. 445, 236–241. doi: 10.1016/j.neulet.2008.09.018
Krampe, R. T. (2002). Aging, expertise and fine motor movement. Neurosci.
Biobehav. Rev. 26, 769–776. doi: 10.1016/S0149-7634(02)00064-7
Krampe, R. T., Engbert, R., and Kliegl, R. (2002). The effects of expertise and age
on rhythm production: adaptations to timing and sequencing constraints. Brain
Cogn. 48, 179–194. doi: 10.1006/brcg.2001.1312
Krampe, R. T., and Ericsson, K. A. (1996). Maintaining excellence: deliberate
practice and elite performance in young and older pianists. J. Exp. Psychol. Gen.
125, 331–359. doi: 10.1037/0096-3445.125.4.331
Krings, T., Töpper, R., Foltys, H., Erberich, S., Sparing, R., Willmes, K., et al. (2000).
Cortical activation patterns during complex motor tasks in piano players and
control subjects. A functional magnetic resonance imaging study. Neurosci. Lett.
278, 189–193. doi: 10.1016/S0304-3940(99)00930-1
Law, B., Atkins, M. S., Kirkpatrick, A. E., and Lomax, A. J. (2004). “Eye gaze
patterns differentiate novice and experts in a virtual laparoscopic surgery
training environment,” in Proceedings of the 2004 Symposium on Eye Tracking
Research & Applications, eds A. T. Duchowski and R. Vertegaal (New York, NY:
ACM), 41–48. doi: 10.1145/968363.968370
Lenhard, W., and Lenhard, A. (2014). Computation of Effect Sizes. Available at:
http://www.psychometrica.de/effect_size.html. [accessed February 01, 2016].
Lindberg, P., Ody, C., Feydy, A., and Maier, M. A. (2009). Precision in isometric
precision grip force is reduced in middle-aged adults. Exp. Brain Res. 193,
213–224. doi: 10.1007/s00221-008-1613-4
Lipsitz, L. A., and Goldberger, A. L. (1992). Loss of ‘complexity’ and aging. Potential
applications of fractals and chaos theory to senescence. JAMA 267, 1806–1809.
doi: 10.1001/jama.1992.03480130122036
Meister, I., Krings, T., Foltys, H., Boroojerdi, B., Müller, M., Töpper, R., et al.
(2005). Effects of long-term practice and task complexity in musicians and
nonmusicians performing simple and complex motor tasks: implications for
cortical motor organization. Hum. Brain Mapp. 25, 345–352. doi: 10.1002/hbm.
20112
Morrison, S., and Newell, K. M. (2012). Aging, neuromuscular decline, and the
change in physiological and behavioral complexity of upper-limb movement
dynamics. J. Aging Res. 2012:891218. doi: 10.1155/2012/891218
Nudo, R. J., Milliken, G. W., Jenkins, W. M., and Merzenich, M. M. (1996). Usedependent alterations of movement representations in primary motor cortex of
adult squirrel monkeys. J. Neurosci. 16, 785–807. doi: 10.1523/JNEUROSCI.1602-00785.1996
Oldfield, R. C. (1971). The assessment and analysis of handedness: the Edinburgh
inventory. Neuropsychologia 9, 97–113. doi: 10.1016/0028-3932(71)90
067-4
Pineda, J. A. (2005). The functional significance of mu rhythms: translating
“seeing” and “hearing” into “doing”. Brain Res. Brain Res. Rev. 50, 57–68.
doi: 10.1016/j.brainresrev.2005.04.005
Reuter, E.-M., Voelcker-Rehage, C., Vieluf, S., and Godde, B. (2012). Touch
perception throughout working life: effects of age and expertise. Exp. Brain Res.
216, 287–297. doi: 10.1007/s00221-011-2931-5
Reuter-Lorenz, P. A., and Park, D. C. (2010). Human neuroscience and the aging
mind: a new look at old problems. J. Gerontol. B Psychol. Sci. Soc. Sci. 65,
405–415. doi: 10.1093/geronb/gbq035
Rosenbaum, D. A., Augustyn, J. S., Cohan, R. G., and Jax, S. A. (2006).
“Perceptual-motor expertise,” in The Cambridge Handbook of Expertise and
Expert Performance, ed. K. A. Ericsson (Cambridge: Cambridge University
Press), 505–522. doi: 10.1017/CBO9780511816796.029
Schmider, E., Ziegler, M., Danay, E., Beyer, L., and Buehner, M. (2010). Is it really
robust? Methodology 6, 147–151. doi: 10.1027/1614-2241/a000016

Frontiers in Physiology | www.frontiersin.org

Schmit, J. M., Regis, D. I., and Riley, M. A. (2005). Dynamic patterns of postural
sway in ballet dancers and track athletes. Exp. Brain Res. 163, 370–378.
doi: 10.1007/s00221-004-2185-6
Slifkin, A. B., Vaillancourt, D. E., and Newell, K. M. (2000). Intermittency in
the control of continuous force production. J. Neurophysiol. 84, 1708–1718.
doi: 10.1152/jn.2000.84.4.1708
Sterr, A., Müller, M. M., Elbert, T., Rockstroh, B., Pantev, C., and Taub, E.
(1998). Perceptual correlates of changes in cortical representation of fingers
in blind multifinger Braille readers. J. Neurosci. 18, 4417–4423. doi: 10.1523/
JNEUROSCI.18-11-04417.1998
Stins, J. F., Michielsen, M. E., Roerdink, M., and Beek, P. J. (2009). Sway regularity
reflects attentional involvement in postural control: effects of expertise, vision
and cognition. Gait Posture 30, 106–109. doi: 10.1016/j.gaitpost.2009.04.001
Trautmann, M., Voelcker-Rehage, C., and Godde, B. (2011). Fit between workers’
competencies and job demands as predictor for job performance over the
work career. Zeitschrift f5ü6r ArbeitsmarktForschung 44, 339–347. doi: 10.1007/
s12651-011-0078-2
Tu, J. H., Rowley, C. W., Luchtenburg, D. M., Brunton, S. L., and Kutz, J. N. (2014).
On dynamic mode decomposition - theory and applications. J. Comput. Dyn.
55, 1–13.
Vaillancourt, D. E., and Newell, K. M. (2002). Changing complexity in human
behavior and physiology through aging and disease. Neurobiol. Aging 23, 1–11.
doi: 10.1016/S0197-4580(02)00052-0
Vaillancourt, D. E., and Newell, K. M. (2003). Aging and the time and frequency
structure of force output variability. J. Appl. Physiol. 94, 903–912. doi: 10.1152/
japplphysiol.00166.2002
Vieluf, S., Godde, B., Reuter, E.-M., and Voelcker-Rehage, C. (2013a). Agerelated differences in finger force control are characterized by reduced force
production. Exp. Brain Res. 224, 107–117. doi: 10.1007/s00221-012-3292-4
Vieluf, S., Godde, B., Reuter, E.-M., and Voelcker-Rehage, C. (2013b). Effects of age
and fine motor expertise on the bilateral deficit in force initiation. Exp. Brain
Res. 231, 107–116. doi: 10.1007/s00221-013-3673-3
Vieluf, S., Mahmoodi, J., Godde, B., Reuter, E.-M., and Voelcker-Rehage, C.
(2012). The influence of age and work-related expertise on fine motor control.
GeroPsych 25, 199–206. doi: 10.1024/1662-9647/a000071
Vieluf, S., Mora, K., Gölz, C., Reuter, E.-M., Godde, B., Dellnitz, M., et al. (2018).
Age- and expertise-related differences of sensorimotor network dynamics
during force control. Neuroscience 388, 203–213. doi: 10.1016/j.neuroscience.
2018.07.025
Vieluf, S., Sleimen-Malkoun, R., Voelcker-Rehage, C., Jirsa, V., Reuter, E.-M.,
Godde, B., et al. (2017). Dynamical signatures of isometric force control as a
function of age, expertise, and task constraints. J. Neurophysiol. 118, 176–186.
doi: 10.1152/jn.00691.2016
Vieluf, S., Temprado, J.-J., Berton, E., Jirsa, V. K., and Sleimen-Malkoun, R. (2015).
Effects of task and age on the magnitude and structure of force fluctuations:
insights into underlying neuro-behavioral processes. BMC Neurosci. 16:12. doi:
10.1186/s12868-015-0153-7
Voelcker-Rehage, C., Reuter, E.-M., Vieluf, S., and Godde, B. (2013). “Influence
of age and expertise on manual dexterity in the work context: the bremenhand-study@Jacobs,” in Age-Differentiated Work Systems, eds C. M. Schlick, E.
Frieling, and J. Wegge (Berlin: Springer), 391–415.
Ward, N. S., and Frackowiak, R. S. J. (2003). Age-related changes in the neural
correlates of motor performance. Brain 126, 873–888. doi: 10.1093/brain/
awg071
Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
Copyright © 2018 Gölz, Voelcker-Rehage, Mora, Reuter, Godde, Dellnitz, Reinsberger
and Vieluf. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (CC BY). The use, distribution or reproduction in
other forums is permitted, provided the original author(s) and the copyright owner(s)
are credited and that the original publication in this journal is cited, in accordance
with accepted academic practice. No use, distribution or reproduction is permitted
which does not comply with these terms.

11

November 2018 | Volume 9 | Article 1540

