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Abstract Previous work highlighted the possibility that

musical training has an influence on cognitive functioning.

The suggested reason for this influence is the strong re-

cruitment of attention, planning, and working memory

functions during playing a musical instrument. The purpose

of the present work was twofold, namely to evaluate the

general relationship between pre-stimulus electrophysio-

logical activity and cognition, and more specifically the

influence of musical expertise on working memory func-

tions. With this purpose in mind, we used covariance

mapping analyses to evaluate whether pre-stimulus elec-

troencephalographic activity is predictive for reaction time

during a visual working memory task (Sternberg paradigm)

in musicians and non-musicians. In line with our hy-

pothesis, we replicated previous findings pointing to a

general predictive value of pre-stimulus activity for

working memory performance. Most importantly, we also

provide first evidence for an influence of musical expertise

on working memory performance that could distinctively

be predicted by pre-stimulus spectral power. Our results

open novel perspectives for better comprehending the vast

influences of musical expertise on cognition.

Keywords Behavior � Correlation � Covariance
mapping � Musicianship � Prestimulus

Introduction

The ability of the human brain to undergo structural and

functional changes relies on its specific adaptability to

training or environmental changes (Draganski et al. 2004;
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Kelly and Garavan 2005; Maguire et al. 2000). In this

context, musicians have been proposed to constitute a

promising group for studying experience-driven structural

as well as functional plasticity (Herholz and Zatorre 2012;

Jäncke 2009a, b; Muente et al. 2002; Peretz and Zatorre

2005). In fact, mastering a musical instrument requires the

integration of widespread neuronal networks supporting the

functional coordination of auditory (Jäncke 2009b; Kühnis

et al. 2014), sensorimotor (Jäncke 2012; Schneider et al.

2002; Zatorre et al. 2007) as well as higher order cognitive

functions (Elmer et al. 2014; Moreno et al. 2009, 2011;

Schulze et al. 2011; Sluming et al. 2007; Zuk et al. 2014).

Today, there is some evidence showing cognitive ad-

vantages in musicians across a variety of cognitive func-

tions, including auditory-verbal (Besson et al. 2011;

Kühnis et al. 2013; Moreno et al. 2011), visuo-spatial

(Brochard et al. 2004; Douglas and Bilkey 2007), short-

term memory (George and Coch 2011; Schulze and

Koelsch 2012; Williamson et al. 2010), long-term verbal

memory (Groussard et al. 2010; Ho et al. 2003; Huang

et al. 2010), and inhibition of irrelevant responses (Moreno

et al. 2014). Based on the fact that musical training strongly

engages executive functions (Jäncke 2009b), one may ex-

pect that it further entails advantages in cognitive de-

manding tasks, including music-related and unrelated tasks

(Besson et al. 2011), even across life span (Amer et al.

2013; Jäncke 2013).

Meanwhile, there is increasing evidence showing that

successful encoding of information into memory is also

dependent on the neuronal activity that precedes an item,

rather than only on the activity during the encoding and

consolidation process (Otten et al. 2006; Park and Rugg

2010; Peller and Wagner 2002). For example, mnemonic

functions are strongly dependent on how a subject is

prepared to encounter and encode information as well as

on the neuronal processes initiated by stimulus presenta-

tion (Otten et al. 2010). The modulatory role of pre-s-

timulus neural activity, i.e. the measured neuronal activity

prior to a stimulus presentation in a second or millisecond

range, does not solely reflect a state-related level of at-

tention or alertness but also the tuning of neuronal

populations engaged in proper stimulus processing, an-

ticipatory processes (Otten et al. 2002; 2006), motivation,

as well as reward and emotional processes (Adcock et al.

2006; Gruber and Otten 2010; Meeter et al. 2004). Thus,

the averaged neuronal activity across pre-stimulus trials

reflects the efficiency with which the information is en-

coded and consolidated into memory. In contrast to the

above-mentioned studies that rely on averaged pre-s-

timulus neuronal activations, single-trial pre-stimulus

activity has been proposed to constitute a more sophisti-

cated measure of preparatory processes for encoding. For

example, Noh and colleagues (Noh et al. 2014) were even

able to successfully predict memory performance from

single-trials, suggesting that such analyses can be used as

a salient electrophysiological predictive marker for

memory performance.

Notably, previous work also provided evidence for a

relationship between pre-stimulus neuronal activity and

response speed that varied as a function of congruency in a

Stroop (Britz and Michel 2010) or a visuo-spatial task

(Babiloni et al. 2006). In this context, alpha power has been

shown to reflect the level of preparedness, and to be in-

versely correlated with cortical excitability (Haegens et al.

2011). Furthermore, an increased pre-stimulus vigilance

state has previously been suggested to be reflected by faster

reaction times (RTs), and associated with overall increased

alpha amplitudes (Volberg et al. 2009) during a visual

detection task. Shorter RTs have also been associated with

increased theta (Gladwin et al. 2006) and beta band

oscillatory activity. Therefore, it has been proposed that

these three frequency bands play a pivotal role in

modulating intrinsic neuronal dynamics before stimulus

presentation. Recently, Achim and co-workers (2013) re-

ported that decreased pre-stimulus amplitudes in frequency

bands ranging from 2 to 24 Hz were associated with shorter

RTs during a near threshold visual detection task. Thus,

these findings lead us to conclude that pre-stimulus spectral

power and behavioral performance are tightly coupled but

seem to vary in a task-dependent manner.

Our interest was to expand the knowledge about pre-

stimulus influences upon stimulus processing into the

context of higher order brain functions that are susceptible

to expertise-related plastic changes. In particular, we

wanted to know if the preparatory allocation of neuronal

resources before stimulus presentation is predictive for

performance in a complex task that demands prolonged

sensory, memory, basal language processing (single letter

processing) and executive functions. Furthermore, we were

interested in finding out, if these preparatory processes are

modulated by musical training. We therefore investigated

the influence of the pre-stimulus state (assessed by spectral

power) on reaction time in a visual Sternberg task in

control subjects and professional musicians. In this context

it is worth mentioning that visual and visual-spatial related

brain areas play crucial roles in sight-reading and in the

integration of multimodal sensory (auditory, visual and

somatosensory) information during music processing and

production (Gaser and Schlaug 2003; Proverbio et al.

2014). It was even shown that musical training leads to a

bilateral letter/notes processing in contrast to untrained

subjects for whom a strong left-lateralized processing has

been found (Proverbio et al. 2013).

Based on previous evidence indicating a putative rela-

tionship between musicianship and cognition, as well as

on inconsistent findings regarding the influence of
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pre-stimulus oscillatory dynamics on RTs, we specifically

addressed the following two research questions:

1. Does pre-stimulus spectral EEG power predict work-

ing memory performance during a visual Sternberg

task, irrespective of expertise?

2. Are musicians and musical laymen characterized by

distinct pre-stimulus spectra that are predictive for the

different behavioral outcome of experts and non-

experts?

These two research questions are specifically addressed

by exploiting the excellent temporal resolution of the

electroencephalography (EEG) technique and by evaluat-

ing single-trials covariance matrices between pre-stimulus

spectral power and RTs. This specific methodological ap-

proach will provide fruitful insights into the temporal dy-

namics of attentional modulation as a function of expertise.

Methods

Subjects

Fifteen professional musicians (four males; mean age

24.33 years, standard deviation (SD) 5.15 (t28 = 0.892,

p = 0.38; two-tailed); mean age of practice commence-

ment 5.46, SD 1.62; mean total number of instrumental

training hours during live 1365.91, SD 1165.03) and fifteen

control subjects, students of the local universities, who had

never learned to play an instrument (seven males; mean age

26.5 years, SD 9.75), participated in this study. The history

of musical training was assessed using an in-house ques-

tionnaire (Elmer et al. 2012). In this questionnaire, age of

commencement of musical training, estimated amount of

hours played during single age ranges (0–7 years (age),

8–10, 11–13, etc.) per day and per week, and the respective

instrument(s) played are assessed. All musicians were

string players, started with their musical training before the

age of 10 years and were recruited from local classical

orchestras and music academies. All participants were

consistently right-handed, as supported by the Annett

handedness inventory (Annett 1970). None of the subjects

reported any past or present neurological or psychiatric

disease, nor used any medication or drugs. Informed con-

sent was obtained from all individual participants included

in the study and they were paid for participation. The

present study was approved by the local ethics committee,

according to the Helsinki declaration.

Cognitive Capability and Musical Aptitude

To rule out a significant difference in cognitive capability,

all subjects performed three subtests of the German

language edition ‘Wechsler Adult Intelligence Scale—3rd

edition (WAIS-III)’ (Wechsler 1997). In particular, the

subjects were tested in the subtests of verbal and perfor-

mance intelligence, namely on the Working Memory Index

(Number Sequencing and Repetition), the Perceptual and

Organization Index (Mosaic Test), and on the Processing

Speed Index (Digit-Symbol Coding; Waldmann 2008).

Because the subjects did not perform the entire WAIS-III

test due to reasons of time, the obtained scores for the

single subtests were z-transformed and a T-value was

evaluated, which entered statistical analysis to test for

group differences. Analyses revealed that the two groups

did not differ in cognitive capability (T-value controls

53.12, SD 5.37, musicians 55.55, SD 2.99; T(28) = -1.278,

p = 0.212; two-tailed).

All subjects performed the Advanced Measures of Mu-

sic Audition (AMMA) test (Gordon 1989) in order to ex-

amine their developmental and stabilized musical aptitude.

Thereby, the subjects had to compare 30 pairs of short

melodies and rate whether the single melody pairs were

exactly the same, or whether there were rhythmical or tonal

differences. As expected, musicians outperformed the

control group in the music test (T(28) = -6.584,

p\ 0.001; two-tailed).

Task and Procedure

The EEG recording took place in a dimmed and sound

shielded Faraday cage. The subjects were instructed to sit

in a comfortable chair in front of a table with a computer

screen at a distance of about 110 cm. Presentation of all

stimulus material and the recording of the given responses

was controlled by the Presentation software (Neurobehav-

ioral Systems, USA, http://www.neurobs.com).

At the beginning of the EEG session a resting state

period consisting of 7 min eyes open, 2 min eyes closed,

2 min eyes open, 2 min eyes closed was recorded (details

below). During the eyes open periods, a fixation cross was

presented on a computer screen. At the transition from eyes

open to eyes closed and vice versa, the black screen

switched to white for 2 s and a sine tone ramp

(750–1350 Hz) was presented to the subject via hi-fi-

headphones (Sennheiser CX271, 70 dB sound pressure

level) in order to ensure that subjects do not miss the switch

from eyes closed to eyes open.

In the second part of the experiment, the subjects had to

perform a visual Sternberg task, which was adapted from a

previous study by Michels and colleagues (2010). As

shown in Fig. 1, the Sternberg task consisted of a period of

stimulus presentation during which either two or five letters

(here named from now on as load levels ‘LL2’ and ‘LL5’)

were presented for 2.5 s on a screen. Stimulus presentation
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was followed by a retention period with a fixation cross,

during which the subjects had to remember the presented

letters for 3.5 s. Afterwards, a probe stimulus was dis-

played for 2 s and the subjects had to decide by button

press with their right index and middle finger whether the

probe letter had been part of the stimulus presented before

or not as fast and as correct as possible. Whether the ‘yes’

or ‘no’ response was assigned to the index or middle finger

was randomized across subjects. The probe period was

followed by an inter-trial-interval (ITI), ranging from 1.8 to

2.7 s. This ITI was used as the pre-stimulus period, which

entered data analysis. Each load level condition consisted

of 32 trials that were presented in eight four-trial-blocks,

pseudo randomized across LL2 and LL5. In between, after

every fourth trial, a fixation cross was presented for the

duration of 24.5 s, six times in total.

After the visual Sternberg paradigm, a second resting

state of 7 min with eyes open was recorded, followed by an

auditory stimulation of 6:28 min (first movement of ‘‘A

little night music’’ by W. A. Mozart) and a third resting

state period of 7 min with eyes open. Analyses and result

interpretations of these additional experimental conditions

will be considered in further publications. All in all, the

experiment lasted for around 2.5–3 h.

Behavioral and Biographical Data

RTs were only calculated for the correct responses (i.e.,

correct ‘yes’ and ‘no’ responses), measured by the time

window between onset of probe letter presentation and the

response button press. To evaluate group differences in

behavioral performance (RT and number of correct re-

sponses) and biographical data (IQ and musical aptitude),

analyses of variance (ANOVA, repeated measures) and

independent t tests were applied, using SPSS (http://www-

01.ibm.com/software/ch/de/analytics/spss/).

EEG Recording and Data Processing

High-density EEG (256-channels) was recorded using a

Geodesic Netamp system (Electrical Geodesics, Eugene,

Oregon) with a sampling rate of 1000 Hz by using an on-

line band pass filter (0.1–100 Hz). During recording, Cz

(vertex of head) was used as reference electrode and

impedances were kept below 30 kX. For offline data pre-

processing with the BrainVision Analyzer software

(BrainVision Analyzer 2.2; http://www.brainproducts.com/

downloads.php), the electrodes in the outermost circum-

ference were removed, resulting in a 204-channel array.

Data were high and low pass filtered between 0.1 and

49 Hz, including a Notch filter (50 Hz). Eye movement

artifacts were removed by using an independent component

analysis (Jung et al. 2000). Remaining muscle and move-

ment artifacts were excluded by an automated raw data

inspection and visually verified afterwards. Artifact free

EEG data were then recomputed against the average ref-

erence. The pre-stimulus period (from -1800 ms until

stimulus presentation) was segmented and band pass fil-

tered into the following spectral frequency bands: theta

(4–8 Hz), alpha (8–12 Hz), beta 1 (12–18 Hz), and beta 2

(18–30 Hz) based on previous studies (Chen et al. 2008;

Geller et al. 2014). In order to obtain the time-varying

power envelope of the signal, the EEG data were then

squared and again low pass filtered for the single frequency

bands with 2, 4, 6, 9, and 15 Hz, respectively, to obtain a

smooth envelope of the time varying power envelope.

Using MATLAB (the MathWorks, Natick, MA, Version

R2011b), these single trial power envelopes were then

combined with the reaction time measured in the corre-

sponding trial by computing the covariance of single trial

power envelopes and reaction time for each subject, elec-

trode, and time point. These individual matrices of co-

variance values can thus be considered as a fingerprint of

Fig. 1 Schematic presentation of the visual Sternberg paradigm.

Depending on the load level condition (LL2 or LL5), two or five

letters were presented on the screen for 2.5 s, followed by a retention

period of 3.5 s. After a probe letter had been displayed, subjects had

to indicate by button press, whether the letter had been presented

before or not. The LL conditions were separated by an ITI, ranging

from 1.8 to 2.7 s, respectively. The red part of the arrow indicates the

time period, which entered data analysis (1.8 s before stimulus

presentation).
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brain processes that co-vary with reaction time in a linear

fashion (Koenig et al. 2008).

In addition, to assess putative expertise-related influ-

ences already present during a baseline resting state con-

dition, we calculated a fast Fourier transform (FFT, based

on power values) in the BrainVision Analyzer software for

the resting state period with eyes open of equal length as

the pre-stimulus segments (32 trials per LL of 1.8 s dura-

tion each) and averaged the single trials. All data were

exported for statistical analyses.

Statistical Analyses of the EEG Data

All statistical analyses were performed by using the Ragu

software (Randomization Graphical User interface; http://

www.thomaskoenig.ch/Ragu.htm) developed by Koenig

and colleagues (Koenig et al. 2011). This software is based

on measurements of scalp-field data (here the covariance

maps) using unbiased and assumption-free randomization

statistics. The threshold for statistical testing was set to

p\ 0.05, based on 5000 randomizations for all types of

randomization tests. To correct for false positives due to

multiple testing across time, overall significance across

time and the minimal duration of significant effects were

computed based on a further analysis of the data obtained

by randomization (Koenig and Melie-Garcia 2010).

Briefly, each randomization run can be tested against the

remaining randomization runs for reaching a p value below

the threshold (p\ 0.05). Based on this test, one can

establish the distribution of the duration of continuous

periods of below-threshold p values under the null-hy-

pothesis. The durations of below-threshold p values in the

actual data can then be tested against this distribution.

In general, the aim of our statistical analysis was

threefold, namely, we first wanted to evaluate if the two

groups differ during resting state activity, being considered

as a baseline condition to the visual Sternberg paradigm.

Therefore, FFT data calculated for every subject for the

resting state condition entered a topographic analysis of

variance (TANOVA). This analysis is based on shuffling

topographical maps between subject groups and/or condi-

tions to test if an observed topographical difference be-

tween groups/conditions can be equally well explained by

the shuffled data, a procedure for calculating group and/or

condition effects on the level of scalp field maps based on

assumption-free randomization statistics (for details see

Koenig et al. 2011).

In a second step, we wanted to evaluate time windows

during the pre-stimulus period that show consistently over

subjects, a linear relationship between single-trial pre-s-

timulus neuronal activity in specific frequency ranges and

RT. To test this, we calculated topographic consistency

tests (TCTs) over the whole individual covariance matrices

(i.e., from -1800 to 0 ms) across all participants, inde-

pendent of musical expertise to increase statistical pow-

er (Koenig and Melie-Garcia 2010). This analysis is based

on shuffling measurements at the individual electrode level

to test if a group mean topographic distribution could

equally well be explained by data with a random topog-

raphy. By using TCT analyses, time windows with con-

sistent topographical patterns were obtained, reflecting

those neural generators that showed, consistently across

subjects, a linear relation of activation with RT. This

analysis was performed for all tested frequency bands

separately.

In a third step, we were interested in detecting time

frames of the pre-stimulus interval that are predictive for

the RTs as a function of musical expertise. Therefore, a

TANOVA on the covariance matrices was performed for

all frequency bands (the two groups as a between subject

factor and the single frequency bands as a within subject

factor). Afterwards, an averaged TCT was calculated over

the time frame of the TANOVA results that displayed a

significant group difference. In this manner, it was possible

to evaluate the consistency of a topographic map, indicat-

ing from which group the effect in the TANOVA was

coming from. At this point it is important to mention that

based on our analysis, we only infer whether covariance

measures between neuronal activity and RT are positive or

negative.

Results

Behavioral Data

Differences between the groups for the number of correct

responses in the visual Sternberg paradigm (controls LL2

29.07, SD 3.67, LL5 28, SD 3.57; musicians LL2 30.2, SD

2.81, LL5 30.27, SD 1.65) and the RTs for both LLs

(controls LL2 0.91 s, SD 0.18, LL5 1.09 s, SD 0.21; mu-

sicians LL2 0.99 s, SD 0.17, LL5 1.19 s, SD 0.18) were

evaluated in two separate ANOVAs: 1. two groups 9

number of correct responses of the two LLs; 2. two

groups 9 RTs of the two LLs. The first ANOVA did not

reveal a significant group (F(1, 28) = 3.042, p = 0.09) or

number of correct response (F(1, 28) = 0.922, p = 0.43)

main effect, nor an interaction (F(1, 28) = 0.609, p = 0.61).

The results of the second ANOVA showed a main effect of

RT (within subject contrast, F(1, 28) = 98.786, p\ 0.001)

with a mean RT across groups of 0.95 s for LL2 (SD 0.17)

and a mean RT of 1.14 s for LL5 (SD 0.2). Since we did

not reveal a main group effect (F(1, 28) = 941.821,

p = 0.29) nor a group 9 RT interaction (F(1, 28) = 0.47,

p = 0.48), EEG data analysis was focused on finding group

differences on the averaged RT for both LLs. This has
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further the advantage of increasing the signal-to-noise

ratio.

EEG Data

Statistical analyses of the resting state FFT data did not

reveal between-group differences in any of the examined

frequency bands (all p values[ 0.05).

Expertise-Independent Analysis

For this analysis step, we calculated a TCT across all

subjects, to test for a linear relationship between perfor-

mance in RT and the pre-stimulus neuronal activity

(-1800 to 0 ms), separately for the single frequency bands

theta, alpha, beta 1 and beta 2. In Fig. 2, the results of the

TCT analyses over all subjects (expertise-independent

analysis) for the four frequency bands are displayed. A

consistency in the appearance of the time windows that

were significantly predictive for performance in RT

(highlighted in green) is visible in the TCT graphs across

all four frequency bands.

Figure 3 depicts the covariance maps (t values; upper

row), averaged for the single significant TCT time win-

dows from Fig. 2, and the corresponding maps of the t tests

(against zero; lower row). Very narrow adjacent time

frames of the TCTs were pooled to one time window.

Notably, independent of the frequency band, all maps show

an anterior-posterior scalp distribution for positive covari-

ance between the EEG data and RTs. Negative covariance

was found over more lateral regions, with increasing in-

volvement of more centro-posterior regions from theta to

beta 2. In this context, a positive covariance appears if a

fast RT is related to low brain activity and a slow RT to

relatively increased brain activity, respectively. In contrast,

a negative covariance reflects a significant relationship

between fast RT and an increased brain activity as well as a

significant linear relationship between slow RT and a

proportionally low brain activity.

Expertise-Dependent Analysis

To test for statistical significant group differences in time

frames, which were predictive for RT, a TANOVA was

performed between the two groups separately for the four

single frequency bands. In Fig. 4, the results of the be-

tween-group analysis are depicted. Significant group dif-

ferences were obtained for the alpha (-328 to -160 ms)

and the beta 1 (-382 to -310 ms and -252 to -152 ms)

and beta 2 (-412 to -202 ms) frequency bands but not for

theta (see Fig. 4a–c).

In a second step,TCTanalyseswere examined for the single

groups separately for alpha, beta 1 and beta 2. In this case, a

consistent scalp topography covering the time frame of the

TANOVA duringwhich groups differ significantly enabled us

to reliably interpret the data. Consistent scalp topographies

were only found in the musicians in the alpha frequency range

(Fig. 4e) but not in the non-musicians (Fig. 4d).

To get an idea about group-specific covariance patterns

and variance across the two groups, in a third step, aver-

aged covariance maps were created for the time frames

during which groups differed significantly in the

TANOVA. The obtained covariance maps (upper row) and

the respective t maps (t tests against zero; lower row) are

shown in Fig. 5a–c in the left panel. The control group

showed a slight anterior-posterior distributed pattern of

negative covariance with a slight left-lateralized centro-

parietal positive covariance distribution, whereas the mu-

sicians displayed a comparable anterior-posterior pattern

distribution but with the opposite relation. The clarity of

the anterior-posterior scalp pattern disappeared more and

more with an increasing frequency. In the right panel of

Fig. 5, the electrodes displaying the highest t value of both

the controls and the musicians are depicted for giving a

more quantitative impression about the group variances.

Discussion

General Discussion

To the best of our knowledge no previous study has

specifically addressed a putative relationship between pre-

stimulus activity and RTs in the context of a Sternberg para-

digm, neither in a general population nor in musicians.

Therefore, we explicitly performed statistical analyses both

within thewhole sampleof subjects aswell as between the two

groups.Within-group analyses constituted a first approach for

validating the sensitivity of TCT applications in conjunction

with our experimental design. Afterwards, we used this

methodological approach in combination with TANOVA

analyses for addressing the influence of musical expertise on

pre-stimulus activity and behavior. Based on the distinct co-

variance patterns we revealed for the two groups (principally

in the alpha and beta frequency-ranges), we propose that

musical expertise not only affects stimulus-related neuro-

physiological activity (Baumann et al. 2008; Koelsch et al.

2009; Moreno et al. 2011; Zuk et al. 2014) but notably also

pre-stimulus physiological entrainment to attentional func-

tions during a visual Sternberg paradigm. In the following, we

will discuss these results in a more comprehensive manner.

Behavioral Data

Statistical analyses did not reveal a main effect of group

nor a group by performance interaction effect. Thus, it is
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conceivable that the presented LLs were not demanding

enough for capturing group-specific cognitive traits. In line

with our findings, comparable behavioral performances

between musicians and non-musicians have previously al-

ready been reported by other groups during tasks testing

executive functions and working memory (Schulze and

Koelsch 2012). Although we did not identify behavioral

differences between musical experts and non-musicians,

we found substantial neurophysiological activation differ-

ences between the two groups. Thus, the identified acti-

vation differences are not due to performance differences

rather than to specific neurophysiological organization

patterns of the two groups.

Expertise-Independent EEG Analyses

Statistical analyses within the whole sample of subjects

provided clear evidence for the sensitivity of TCT appli-

cations in detecting neuronal activity predicting RTs oc-

curring 6–7 s later in response to the probe stimulus. Our

results are concordant with prior literature suggesting that

trial-by-trial neuronal dynamics during pre-stimulus peri-

ods do not reflect noise per se or unspecific activations, but

neurophysiological processes influencing perceptual

awareness (Britz et al. 2014), visual processing (Britz and

Michel 2011), and multisensory interaction (Gonzalez

Andino et al. 2005), all in all preparatory actions involved

in processing forthcoming items (for an overview on inter-

individual differences also consider Kanai and Rees 2011).

Theta Oscillations

Meanwhile, there is converging evidence showing that

theta oscillations (4–8 Hz) are associated with a variety of

cognitive functions, including mnemonic processes (Chen

et al. 2013; Crespo-Garcia et al. 2012; Ward 2003), at-

tention (Lara and Wallis 2014), information integration

(Ward 2003), and neuronal communication between dis-

tinct brain regions over long-range circuits (Lara and

Wallis 2014; von Stein et al. 2000; Ward 2003). In addi-

tion, pre- and post-stimulus theta power has been shown to

positively correlate with RTs as well as with omission er-

rors during perceptual (Busch et al. 2009), discrimination

(Minkwitz et al. 2011) and cognitive (Papenberg et al.

2013) tasks. Thus, it is assumed that behaving slow or

failing to detect a stimulus might be reflected by a down

tuning of brain functions (Achim et al. 2013). Similarly,

theta waves have been proposed to be related to

Fig. 2 TCTs for the single frequency bands a theta, b alpha, c beta 1,
and d beta 2 across all subjects. The red line indicates the uncorrected

statistical threshold for significant consistency (p value fluctuations

are displayed by the gray area): a overall significance: p = 0.0002

(min. duration 4 ms), b overall significance: p = 0.0002 (min.

duration 4 ms), c overall significance: p = 0.0002 (min. duration

2 ms), d overall significance: p = 0.0002 (min. duration 2 ms).

Significant time frames with consistent scalp topographies, which are

predictive for RT are depicted in green. The curved line in the graphs

depicts the envelope of the global field power (GFP). X-axis depicts

time from -1800 ms until stimulus onset (0 ms) and the y-axis

depicts GFP [lV].
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neurophysiological activations supporting the temporal

modulation of attentional functions, thereby reflecting a

sensory selection mechanism (Jones and Wilson 2005;

Schroeder and Lakatos 2009).

In line with previous literature (Busch et al. 2009), we

principally revealed positive covariance patterns between

pre-stimulus theta power and RTs over anterior-posterior

regions that were accompanied by a slightly lateralized

negative covariance pattern (see Fig. 3). These opposite

anterior-posterior and posterior-lateral directions of the

positive and negative covariance patterns lead us to suggest

that different brain regions influence working memory

control in an antagonistic manner. Based on the reasoning

that positive covariance can originate from both long RTs/

increased theta power and short RTs/reduced theta power,

our data suggest that strong anterior-posterior theta

manifestations have a negative influence on behavioral

performance. Following this logic further in terms of

Fig. 3 Averaged covariance (upper row) and t maps (lower row

positive covariance red, negative covariance blue) for the significant

predictive time windows of the TCT time frames for the single

frequency bands theta alpha, beta 1, and beta 2 and the respective

p values. Time is shown in [ms].
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negative covariance, an up-regulation of posterior-lateral

theta power more likely facilitates the speed of motor re-

sponse. Certainly, the methodological approach we applied

does not enable us to specifically describe the neuropsy-

chological functions beyond the observed effects. Other-

wise, based on previous literature showing a relationship

between theta power and phasic (entrainment to the task

dynamics) attention functions (Klimesch 1999), results are

interpreted as suggesting a distinct influence of theta power

on an anterior-posterior attentional system (Posner and

Dehaene 1994). Certainly, a vast part of this system is

involved in supporting a variety of attentional modulations

that can vary depending on the task, cognitive demands,

and brain-area studied (Klimesch 1999).

Fig. 4 Results of the TANOVA between the control group and the

musical experts for the pre-stimulus interval -1800 ms until stimulus

onset (0 ms; p\ 0.01) for a alpha, b beta 1, and c beta 2. Results of

the TCTs of the alpha frequency band are shown in panel d for the

controls and e for the musicians. The red frame in e indicates the

significant time window of the TANOVA between the two groups.

The red line displays the uncorrected statistical threshold (with

d overall significance: p = 0.0014 (min. duration 2 ms) and e overall
significance: p = 0.0002 (min. duration 4 ms)). Significant time

frames with consistent scalp topographies, which are predictive for

RT are depicted in green. The curved line in the graphs depicts the

envelope of the GFP. X-axis depicts time from -1800 ms until

stimulus onset (0 ms) and the y-axis depicts GFP [lV].
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Alpha Oscillations

Alpha oscillations have previously been reported to indi-

cate neurophysiological processes that have a modulatory

influence on behavior. In fact, it has repeatedly been shown

that decreased alpha activity favors behavioral perfor-

mance during visual perception (Babiloni et al. 2006;

Ergenoglu et al. 2004; Hamm et al. 2010; Hanslmayr et al.

2007; Mathewson et al. 2009) and spatial attention tasks

(Foxe et al. 1998; Freunberger et al. 2008; Rihs et al. 2007;

Sauseng et al. 2005; Thut et al. 2006). By contrast, studies

applying working memory paradigms more likely showed a

divergent relationship between alpha power and perfor-

mance (Hanslmayr et al. 2005).

Fig. 5 Averaged scalp

topographies (upper row:

t values) for the time windows

during which groups differ

significantly and the

corresponding t maps (lower

row: t tests against zero) in the

left panel for the alpha a, the
beta 1 b and the beta 2

c frequency band. Red indicates

a positive and blue a negative

covariance between the brain

activity and performance in RT.

In the right panel, group

variances of the electrodes

displaying the highest t value

are depicted [lV/s].
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As already described for the theta frequency band, a

positive covariance between pre-stimulus alpha power and

RTs was most clearly detectable at anterior-posterior scalp

sites, leading to suggest that oscillatory activity in a variety

of frequency bands are modulated by similar neuronal

generators. Based on the fact that previous work consistently

revealed activations in fronto-parietal networks during

solving a Sternberg paradigm (Michels et al. 2010; Zakr-

zewska and Brzezicka 2014), it is most likely that the

topological distribution we found underlies neuronal activity

originating from frontal and parietal brain regions, sup-

porting a variety of attentional functions (Cabeza and Ny-

berg 2000; Katsuki and Constantinidis 2012). In this context,

an increased alpha oscillatory activity could reflect a dis-

engagement of attentional control mechanisms (Mazaheri

et al. 2011), whereas a study by Meltzer et al. (2007) leads to

assume that reduced alpha activity may demonstrate an up-

regulation of attentional functions in fronto-parietal systems

enabling faster response speed by modulating alpha-induced

cortical inhibition mechanisms (Freunberger et al. 2009;

Strauss et al. 2014). This leads us to speculate whether the

positive alpha-to-behavior relationship we found may reflect

a modulation of attentional functions in that alpha plays the

role of an ‘‘attentional gatekeeper’’ by reducing possible

interferences with non-relevant information (Freunberger

et al. 2011). Furthermore it is worth mentioning that atten-

tional functions are mediated by a relative amplification of

brain activity in the cortical areas that contribute to a specific

task (Posner and Dehaene 1994).

In the present work, we also revealed a negative co-

variance between alpha power and RT at lateral scalp po-

sitions. Even though this result seems to be somehow

counterintuitive, it is compatible with a putative asso-

ciation between alpha activity and cortical inhibitory

functions just described above. Since previous neu-

roimaging studies provided strong evidence for a func-

tional contribution of fronto-parietal brain regions to

working memory in general (Cabeza and Nyberg 2000) and

to the Sternberg task in particular (Michels et al. 2010), we

propose that increased lateral alpha oscillations contribute

to inhibit task-irrelevant neuronal populations. Such an

inhibition can be particularly efficient in that it enables the

reduction of neuronal noise and therefore the interference

of task-unrelated neuronal activity. Certainly, further re-

search is needed to completely understand how the exci-

tatory-inhibitory balance is modulated through alpha

oscillations during the pre-stimulus period in the context of

a visual Sternberg task.

Beta Oscillations

To date, the specific functional role of beta oscillations is

still controversial and not completely understood (Engel

and Fries 2010). Otherwise, there is at least some evidence

showing that this specific frequency band is sensitive to

numerous cognitive functions, such as memory (Senkowski

et al. 2006) and attention (Basile et al. 2007; Gross et al.

2004; Kaminski et al. 2012). Studies on both humans

(Engel et al. 2001; Fries 2009) and animals (Buschman and

Miller 2007, 2009) reported that tasks involving a strong

engagement of endogenous top-down components such as

attention, are linked to increased activity in the beta band

along frontal and parietal regions (Buschman and Miller

2007, 2009).

It is important to mention that our analyses revealed a

shift from positive to negative covariance patterns as a

function of frequency-range increase (i.e., from theta to

beta 2). In particular, the positive covariance at anterior-

posterior scalp sites became less prominent and tended to

be superseded by an increased propagation of negative

covariance at central, posterior and lateral scalp sites. Since

negative covariance can originate from a combination of

increased power values/shorter RTs or decreased power

values/longer RTs, data are interpreted as suggesting re-

sponse facilitation that is mediated by increased beta

oscillatory activity. A comparable relationship has previ-

ously been described by Kaminski and colleagues who

evaluated pre-stimulus beta activity during a visuo-spatial

discrimination task (Kaminski et al. 2012). They showed

that faster RTs are coupled with increased beta band ac-

tivity over central-posterior scalp regions prior to target

presentation. The authors interpreted their findings by

taking into account a bottom-up modulation of attentional

functions that is mediated by beta oscillatory power. Our

data complement these findings and provide additional

insights into the functional meaning of different frequency

bands and its relationship to behavior.

Group-Related Effects in the Alpha Frequency

Range as a Function of Musical Expertise

Due to the fact that TCT analyses did not reveal temporally

stable topographic maps in the beta frequency band, here

we exclusively focus on the interpretation of between-

group differences in the alpha range. The TANOVA cal-

culated on the covariance profiles yielded significant group

differences in the alpha frequency band, this result leading

to suggest an expertise-dependent modulation of alpha-to-

behavior relationship. As visible from Fig. 5a, non-musi-

cians were principally characterized by primarily negative

covariance over anterior and posterior scalp sites with a

slight positive covariance distribution at the left-lateralized

centro-parietal scalp site, whereas musicians more likely

showed widespread positive covariance patterns at anterior

and posterior loci. As suggested above, data are interpreted

as indicating an expertise-dependent phasic brain state that
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is driven by a differential recruitment of attentional re-

sources that might be mediated by alpha-related inhibitory

activity (Foxe and Snyder 2011). In particular, based on the

distinctive positive and negative covariance maps observed

in the two groups, we propose that the attentional modules

are differentially influenced by expertise, namely a task-

related (anterior-posterior network) and a task-unrelated

(left lateralitzed centro-parietal network) one. Building on

the reasoning that alpha oscillations promote inhibitory

functions (Foxe and Snyder 2011; Jensen and Mazaheri

2010; Strauss et al. 2014) and that working memory is

principally dependent on fronto-parietal brain regions

(Cabeza and Nyberg 2000; Michels et al. 2010), a down-

tuning of anterior-posterior alpha power (i.e., less inhibi-

tion) is presumed to facilitate response speed, principally in

musicians. Otherwise, increased alpha power may possibly

reflect a parsimonious strategy to circumvent excessive

cognitive demands. In contrast to the musicians, the non-

musicians more likely showed negative covariance patterns

at anterior-posterior electrodes possibly reflecting the in-

hibitory influence of alpha on task-related networks but

also unrelated networks (left-lateralized centro-parietal

negative covariance pattern distribution).

Playing a musical instrument several hours per day has

previously been shown to facilitate cognitive control

mechanisms, such as attention (Baumann et al. 2008; Zuk

et al. 2014) and working memory (George and Coch 2011;

Schulze and Koelsch 2012). In addition, in order to focus

on their instrument and to avoid environmental interfer-

ences, musicians have to inhibit task-irrelevant informa-

tion. Currently, there is some evidence supporting the

notion that the training of such filter mechanisms favors

inhibitory functions (Moreno et al. 2014) that can even be

transferred to non-specifically trained domains (Besson

et al. 2011; Kühnis et al. 2013). Consequently, this leads us

to speculate whether the positive covariance observed over

posterior-lateral scalp sites in musicians may reflect the

inhibition of task-irrelevant information in the task-related

network, thereby enabling a more efficient functioning of

the neuronal resources required for preparing the solving of

the task.

Conclusions

To summarize, here we examined expertise-related and

unrelated influences of pre-stimulus oscillatory activity on

behavioral performance during a verbal Sternberg task. We

found evidence for an overall influence of pre-stimulus

activity across all analyzed frequency bands on RT, irre-

spective of expertise. Notably, we identified an expertise-

specific processing mode possibly reflecting the inhibition

of task-irrelevant information in the task-related network

thereby enabling a more efficient tuning of the neuronal

resources necessary for dealing with the visual Sternberg

task. We conclude that both pre-stimulus oscillatory ac-

tivity and musical expertise have a predictive influence on

how the brain entrains itself for managing cognition.

However, our findings not only allow an implication for a

better understanding of the electrophysiological signature

of musicianship but also open novel insights into the

relevance of neuronal preparatory processes in association

with a cognitive task. In particular, our results open new

perspectives for pragmatic applications in the domains of

predictive coding, oscillatory entrainment and neurofeed-

back. Furthermore, it is conceivable to assume that a

meticulous training-related intervention on the pre-s-

timulus neuronal dynamics may constitute a fruitful ap-

proach for ameliorating behavioral performance during a

cognitive task.

Limitations

Due to methodological constraints of the approach applied

in the present study and the sparse literature available, it

was not possible to infer a putative relationship between

the temporal dynamics of cognitive processing stages and

the significant time frames obtained from the TCTs and the

TANOVA (Figs. 2, 4a–e). Therefore, further work is nec-

essary to fully answer this open question. Another short-

coming is the fact that the LLs we applied were apparently

not demanding enough for enabling us to discriminate

between the two groups at a behavioral level. To pinpoint

the cognitive advantages that have previously been re-

ported in musicians, future studies should apply a more

demanding task, i.e. with increased LLs. But to summarize,

it can be said that the advantage of measuring different

performance scores between two different groups of sub-

jects is that it allows characterizing the functional corre-

lates of a distinctive behavioral performance. However,

this specific approach is weakened by the fact that it be-

comes impossible to disentangle whether the distinctive

brain modulations more likely reflect cognitive effort or

rather efficiency. This means that brain activity is con-

taminated by the different levels of performance. Other-

wise, to keep behavioral performance constant across the

groups has the advantage of capturing expertise-specific as

well as task-related cognitive mechanisms.
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