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a b s t r a c t

Background: Transcranial alternating current stimulation (tACS) has been shown to modulate auditory,
visual, cognitive and motor function. However, tACS effects can often be small and difficult to reproduce.
Thus, the establishment of robust experimental and analysis procedures is of high importance. We
reviewed the analysis used in six studies that investigated if tACS can phase-modulate auditory
perception. All studies used analytical methods that introduce bias and could produce false positive
results. Four studies corrected for this bias but two did not.
Objective: Our objectives were two-fold: 1) Use simulated null hypothesis datasets, where no tACS effect
is present, to determine if uncorrected analytical bias could account for some of the reported effects on
auditory perception. 2) Help establish best practices to correct for bias when analyzing tACS phase-
effects on perception.
Methods: We simulated null hypothesis datasets (i.e. no tACS effect) by drawing samples for all tACS and
sham conditions from the same normal distribution. We then applied the reported analyses to the null
hypothesis datasets.
Results: Reported results from studies that did not correct for analytical bias could be reproduced from
the null hypothesis datasets. However, results for studies that did correct for analytical bias could not be
reproduced from the null hypothesis datasets.
Conclusion: True effects of tACS on auditory perception can be detected if analytical bias is accounted for
by using correction procedures. However, to fully establish the effects of tACS on auditory perception a
reanalysis of the data for the studies that used biased analysis without correction procedures is needed.

© 2019 Elsevier Inc. All rights reserved.
Introduction

Transcranial alternating current stimulation (tACS) is a nonin-
vasive neuromodulation method in which alternating current is
passed through scalp electrodes to entrain neural activity in un-
derlying cortices. tACSmodulates auditory [1], visual [2,3], memory
[4], cognition [5,6] andmotor [7,8] function. It is assumed that these
behavioral effects result from the weak alternating current directly
causing neural entrainment in the associated cortex. However, re-
ported tACS effects are controversial. Recent studies show that
electric field strengths generated in the brain may be too weak to
cause neural entrainment [9,10], and reproducibility of reported
be (B. Asamoah), ahmad.
ghlin@kuleuven.be (M. Mc
effects is a concern [11,12]. While other studies show that tACS
motor system effects may be caused by stimulation of peripheral
nerves in the scalp and not by transcranial stimulation of neurons
in the cortex [13]. Thus, it is now critical to determine the most
robust and repeatable tACS effects, and establish best practices for
analysis of tACS datasets.

With this in mind, we reviewed the literature investigating the
phase-effects of low-frequency tACS on auditory perception. To
observe maximum auditory perception modulation, tACS must be
synchronized to the cortical response from the auditory stimulus.
However, two potential sources of variability mean that the delay
between tACS and the cortical response may differ between in-
dividuals. Auditory system delays arise from a combination of
mechanical delays in the middle and inner ear and neural or pro-
cessing delays caused by transmission from the auditory nerve,
through the brainstem and thalamus, to the cortex. EEG N100
literature indicates that individual variation in these auditory sys-
tem delays is on the order of a few 10s of milliseconds [14]. A
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second potential source of delay variation arises from the interac-
tion of tACS generated electric field with the cortical anatomy.
Anatomical differences between subjects could mean that orien-
tation of the cortical neurons being stimulated, relative to the tACS
generated electric field, differs between individuals. This could
theoretically delay any neuromodulation effect by up to half a cycle
of the tACS frequency.

Thus, the delay (relative to the auditory stimulus) at which tACS
could cause maximum modulation of auditory perception is ex-
pected to differ between individuals. This delay variance means
that when data from different individuals is averaged together (to
examine group statistics) any tACS phase effects would average out
to zero. Therefore, to account for individual delay differences it is
necessary to use a phase or delay alignment procedure. However,
this alignment procedure can introduce analytical bias. Specifically,
aligning each individual subject's best performing phase condition
to exactly the same phase at the group level, will cause the natural
variability within the dataset to be skewed at the phase condition
chosen for alignment. This natural variability (or noise distribution)
will not be skewed at the other non-aligned phase conditions. Only
skewing the noise distribution at the aligned phase could theo-
retically cause a tACS effect to be detected, even if no effect were
present.

We identified six studies that used an alignment procedure to
investigate phase-effects of tACS on auditory perception [15e20].
All studies presented subjects with an auditory stimulus while
applying tACS to the auditory cortex. They all systematically
changed the phase or delay between the tACS and auditory stim-
ulus and used a behavioral task to measure the subject's perception
of the stimulus for each phase or delay condition. They also
measured auditory perception on the same task during a sham
condition (i.e. no tACS). All studies reasoned that, because of vari-
ance in delays caused by individual anatomical differences, it was
necessary to perform a phase or delay alignment procedure before
performing a group analysis. The alignment procedures differed
slightly but are conceptually similar: Wilsch et al. [15] selected the
best performing delay for each subject and compared this to sham.
Note, Wilsch et al. [15] did not apply standard sinusoidal tACS but
instead used an oscillation extracted from the speech stimulus
envelope. Neuling et al. [16] detected a zero crossing in each sub-
ject's data and aligned this to 180� phase. The three Riecke et al.
studies [17e19] selected the best condition in each subject's data
and aligned this to either 0� or 90�. While Zoefel et al. [20] aligned
maximum performance at 0�. These alignment procedures intro-
duce analytical bias which, if not corrected for, increases the chance
of detecting a false positive e i.e. detecting a tACS phase effect
when in fact none is present.

Four of the six studies [17e20] corrected for this analytical bias.
After bias correction, one study [20] did not find any effect of tACS
on auditory perception, although they did find an effect of tACS on
the functional magnetic resonance imaging (fMRI) derived blood
oxygen level dependent (BOLD) signal. The other three studies
found a small but significant effect of tACS on auditory perception
i.e. performance in the behavioral task during one tACS phase was
significantly different than performance during the opposite phase
[17,18] or tACS performance during one phase was significantly
different than sham [19]. The two remaining studies [15,16] did not
correct for analytical bias when analyzing data from the behavioral
task and reported highly significant tACS phase effects. We hy-
pothesized that the uncorrected analytical bias introduced by the
alignment procedure caused these studies to detect a highly sig-
nificant tACS phase effect, which in fact may not be present. To test
this we simulated datasets with no tACS effect (i.e. a null hypothesis
dataset) for the five studies reporting a phase effect of tACS on
auditory perception [15e19]. We applied the reported analysis to
the null hypothesis datasets to test if we would find false positive
effects. We found that, due to the analytical bias, similar results as
in Refs. [15,16] could be obtained as a false positive. However, we
also found that the null-hypothesis datasets could not account for
the tACS phase effects reported in studies that did correct for
analytical bias. Our analysis supports the notion that, under certain
experimental conditions, tACS can cause small but significant
phase-effects on auditory perception. However, to reveal these ef-
fects analytical bias must be carefully accounted for.
Methods

General approach

Our approach was as follows: 1) Simulate a dataset from the
study containing the phase or delay conditions (tACS applied) and
the sham or control conditions (no tACS) by randomly drawing
samples from a normal distribution. 2) Apply the phase or delay
alignment procedure described in each study. 3) Apply the re-
ported analysis and statistical tests to the simulated dataset. 4)
Use the simulated dataset to generate the main figures in each
study.
Problem illustration
To illustrate how a phase or delay alignment procedure in-

troduces analytical bias we first applied our methodological
approach to two generic simulated datasets e a null hypothesis
dataset and an alternative (true effect) hypothesis dataset. To
simulate a null hypothesis dataset, data for all conditions and
subjects were drawn from the same normal distribution. To simu-
late a true-effect dataset, data for one delay condition was drawn
from a normal distribution with a mean different to that of the null
hypothesis distribution (Fig. 1, left column). Importantly, to simu-
late each subject having a different auditory system delay, this data
was assigned to a different condition for each subject. The rest of
the conditions in the true-effect dataset were then drawn from the
same null hypothesis distribution. Note, for clarity of illustrationwe
adopted the simplest approach of showing a tACS true-effect in just
one phase bin. A cyclic tACS true-effect could be simulated by
drawing each phase condition from a different distribution, but is
not necessary to illustrate the problem. We then applied the same
generic alignment procedure and statistical analysis to both the
null hypothesis and the true-effect datasets.
Assume null hypothesis for each study
For each study, we assumed only the null hypothesis and

created one normal distribution using the reported mean and a
calculated standard deviation, extracted directly from the relevant
figures in each paper. The standard deviation was calculated by
multiplying the reported standard error by the square root of the
number of subjects. This normal distribution was then used to
simulate null hypothesis datasets, to which we applied the align-
ment procedures and analysis as reported in the study.

If we apply the analysis method as reported in one particular
study to a null hypothesis dataset and it produces the same tACS
phase effects as reported in that study, we would conclude that no
population effect is required to reproduce a similar result. This
would indicate that the reported results maybe a false positive. We
could then no longer accept the study's conclusions. Alternatively, if
we apply the reported analysis to the null hypothesis datasets and
cannot produce the reported tACS phase effects, we would
conclude that the analysis is not biased towards finding an effect
and we can accept the study's conclusions.



Fig. 1. Problem illustration e analytical bias leads to false positive results. A. The null hypothesis e data for all experimental conditions come from the same normal distribution. B.
For each subject (n¼ 20), data (dependent variable) for each experimental condition (independent variable) and the sham condition (control) were drawn from the same normal
distribution. This is a null hypothesis data set e i.e. there is no effect. Bars showmean and error bars show standard error. C. A phase or delay alignment procedure was simulated by
selecting the best condition for each subject and putting this into a new condition called ‘best tACS’. A paired t-test showed a significant difference between the ‘best tACS’ and the
sham condition. The phase or delay alignment procedure introduces bias into the analysis which leads to this false positive result. D. The simulation was repeated 500 times for a
range of subject numbers and standard deviations (blue, green and red). Increasing the subject number increases the chance of detecting a false positive (FP). E. The distribution for
a true effect or alternative hypothesis is shown (purple). The mean is different than the null hypothesis (blue). F. A true effect dataset is simulated by drawing data for each subject
for one randomly chosen condition from the purple distribution; all other conditions and the sham condition are drawn from the blue distribution. G. The phase or delay alignment
procedure is repeated but this time a true effect is detected. The conceptual problem with this analytical approach is that it is not possible to distinguish between the null and the
alternative hypotheses. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Dataset simulation

All data were simulated by randomly drawing samples from a
normal distribution. This was done using the normrnd function in
MATLAB (Mathworks, Natwick, MA). The dataset parameters were
matched to those reported in each study. The parameters included:
number of subjects, number of phases or delay tACS conditions,
number of control or sham conditions, distribution mean and dis-
tribution standard deviation.

Implementation of analysis used in studies

We implemented the analysis described in each of the five
studies [15e19] as closely as possible. Full descriptions of the
analysis can be found in each study. When a part of the analysis
descriptionwas not clear or we deviated slightly from the described
analysis, we state this and give an explanation at the relevant Re-
sults section. All analyses were performed in MATLAB.

All the MATLAB scripts to generate the simulated datasets,
perform the analysis and make the figures are included in the
Supplementary Information Section.

Results

Problem illustration: analytical bias

Fig. 1 provides a generic illustration of analytical bias. The top
row shows the null hypothesis and the bottom row shows the
alternative hypothesis (or true-effect). Unbiased, analysis and sta-
tistical testing should distinguish between the null and alternative
hypotheses. If an analysis increases the chances of detecting a false
positive (i.e. detecting an effect when none is present), we say that
it is biased.

The null hypothesis dataset shown in Fig. 1B was simulated by
drawing samples for each condition (1e6, plus sham) from the
same normal distribution (Fig. 1A). Thus, no effect is present in the
dataset. We now apply a phase or delay alignment analysis pro-
cedure. To do this, we select the largest value in conditions 1
through 6 for each subject and add this to a new condition called
‘best tACS’. We then use a paired t-test to compare the ‘best tACS’
condition to the sham condition. Selecting the best condition for
each subject introduces analytical bias. In this case, the bias is
enough to cause detection of a false positive. This analysis would
cause us to incorrectly conclude that tACS had an effect, when in
fact it had none. To see how often this analysis detects false posi-
tives we ran the simulation 500 times for a number of subjects
ranging from 2 to 20 and for three distributions with different
standard deviations (1, 2, and 4). Increasing the number of subjects
increases the chances of detecting a false positive (Fig. 1D). For
datasets with more than 10 subjects, there was a 100% chance of
detecting a false positive. Changing standard deviation had a
negligible effect.

The true-effect dataset is shown on the bottom row. In this case,
for each subject data for one randomly selected condition was
drawn from the purple distribution (Fig. 1E). All other conditions
were drawn from the blue distribution. Applying the same analysis
and statistical tests as above, shows that we can detect a true effect
(Fig. 1G). The conceptual problem with this analytical approach is
that it cannot distinguish between the null hypothesis and a true
effect. Therefore, we cannot draw meaningful conclusions from
data analyzed in this way.
Wilsch at al 2018 under null hypothesis

Assuming the null hypothesis (i.e. all data points randomly
drawn from the same distribution) we now simulated a dataset for
Wilsch et al. [15] containing 6 tACS delay conditions and three
control conditions (þtDCS, -tDCS and sham). The simulation used a
distribution with a mean of �7 and standard deviation of 0.87,
approximately matching Wilsch et al. Fig. 2A shows the simulated
null hypothesis dataset. We applied the reported delay alignment
procedure by selecting the best delay condition for each subject
(lowest speech comprehension threshold (SCT)) and adding this to
a new condition called ‘best tACS’. We compared performance in
the best tACS condition to the sham condition using a t-test (we
used paired two sided test but this is not specified in the study) and



Fig. 2. Applying the Wilsch et al. analysis to a null hypothesis dataset consistently gives false positives. A. A null hypothesis dataset was simulated for all the tACS delay conditions
and control conditions (sham, anodal and cathodal tDCS) by drawing samples from the same normal distribution. B. After application of the described delay alignment procedure a
significant difference between the ‘best tACS’ and sham condition is detected. In the case of our simulated dataset, this is a false positive since no tACS phase effect was present in
the simulated null hypothesis dataset. Bars show means and error bars show standard errors.
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found that the best tACS condition was significantly greater than
sham (Fig. 2B). With the simulated data we know this is a false
positive result. Comparing our Fig. 2 with the equivalent figure in
Ref. [15] (also Fig. 2) shows very similar effects. We repeated the
null hypothesis simulation 100 times and always obtained the same
false positive result. Thus, we cannot conclude from the data
analysis presented in Wilsch et al. that tACS with speech envelopes
modulates speech comprehension.

To support the conclusion that tACS modulates speech
comprehension, Wilsch et al. used two separate analysis proced-
ures to show that a derived dependent variable (DSCT) was sinu-
soidally modulated by tACS. DSCT was calculated by subtracting
sham SCT performance from the SCT for each delay condition for
each subject. In the first procedure, they fit a sinusoidal model to
the DSCT-delay functions for each subject. They also fit the same
data with a linear and quadratic function and compare the fits
based on the Bayesian Information Criteria (BIC). They found that
the datawere better fit with a sinusoidal function thanwith a linear
or quadratic function (Fig. 3 in Ref. [15]). They also report that the
average frequency of the fitted sinewave was 5.12 Hz. We derived
DSCT from our simulated dataset and applied the same three curve-
fitting methods. Wilsch et al. do not provide the BIC equation. We
calculated BIC based on the residual (R) of the fits, using the formula

BIC ¼ n ln
R
n
þ k lnðnÞ

where n is the number of parameters in the fit and k is the number
of conditions [21]. We found that null hypothesis data were also
better fit with a sinusoidal function, than with a linear or quadratic
function (Fig. 3). We also found that the fitted sinewave had an
average frequency of around 5Hz. We repeated our simulation 100
times and always obtained a similar result (5.1± 0.4 Hz). In our
case, this result is because noise is better described by a sinusoidal,
than a linear or quadratic function. The 5 Hz frequency is a conse-
quence of having 6 conditions each separated by 50ms.

In the second procedure, Wilsch et al. analyzed the power
spectra of the DSCT-delay functions. They first up-sampled each
DSCT-delay function by a factor of two, appended 320 zeros and
then computed power spectra. They found that the average power
spectra peaks at 5 Hz and that the peak is larger than a noise-floor
spectrum computed by permuting individual DSCT-delay functions
(Fig. 4A and B in Ref. [15]). They suggest that this supports the idea
that DSCT-delay functions are sinusoidally modulated by tACS at a
frequency of 5 Hz. We applied the same analysis to our null hy-
pothesis dataset and found that the average power spectra of the
up-sampled data also peaked at 5 Hz (Fig. 4B). In our dataset the
peak at 5 Hz is caused by noise spread across 6 delay conditions
separated by 50ms. Changing the number of conditions, or delay
between them, shifts the spectrum peak. Wilsch et al. did not
specify if they computed the noise-floor spectrum by permuting
the original or the up-sampled DSCT-delay functions. Fig. 4B (dark
grey lines) shows the noise-floor computed by permuting the up-
sampled data. This noise-floor is below the mean power spectra
(blue line) and similar to that shown in Wilsch et al. The correct
way to calculate the noise-floor is to permute the original data. We
did this using our null hypothesis dataset (light grey line). The
power spectra is mostly within the correct noise-floor which in-
dicates, as expected from a null hypothesis dataset, that the peak at
5 Hz is not significant. The slight rise in the blue line at lower fre-
quencies is caused by subtraction of the mean from the permuted
data. We repeated this 100 times and always obtained quantita-
tively similar results.
Neuling at al 2012 under null hypothesis

In Neuling et al. [16] the dependent variable was detection
threshold for a tone in noise. They calculated a normalized
(detection) threshold for each tACS phase by subtracting a subject's
performance during sham from their performance during that
particular tACS phase condition. Next they applied a phase align-
ment procedure by detecting the zero crossing in each subjects
threshold-phase function and aligning this to 180�. As analysis of
the null hypothesis dataset will demonstrate, this alignment pro-
cedure introduces a very similar analytical bias.

Again, we assumed the null hypothesis and simulated a dataset
for the Neuling et al. study containing 6 tACS phase conditions and
one control condition (sham). The simulation used one distribution
with mean 4 and standard deviation 0.11, approximately matching



Fig. 3. Curve fitting analysis from Wilsch et al. applied to a null hypothesis dataset. A. A derived dependent variable was calculated (DSNR) and the null hypothesis data from Fig. 2
was plotted for each individual subject (blue line). The sine curve fitting procedure described in Wilsch et al. gives a reasonable fit to the data (black line). Note, there is no sine
modulation present in the simulated null hypothesis data. The sinewave simply captures many of the features present in the noise. B. The three curve fitting procedures described in
Wilsch et al. were applied to the null hypothesis data. The mean Bayesian Information Criteria (BIC) for each fit is shown (error bars show standard error). The sine function gives a
better fit to the null hypothesis data than either a linear or quadratic fit. This follows the same pattern reported by Wilsch et al. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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Fig. 4. Spectral analysis from Wilsch et al. applied to a null hypothesis dataset. A. The
null hypothesis data for each subject was up-sampled and is shown in grey. The
average is shown in blue. B. The power spectral density of the up-sampled null hy-
pothesis data for each subject was calculated. The average power spectral density
(blue) of the null hypothesis simulated data peaks at around 5 Hz. This is similar to the
measured data reported in Wilsch et al. A noise floor was calculated by permuting the
up-sampled data e dark grey lines. This is similar to the noise floor shown in Wilsch
et al. The correct noise floor should be calculated by permuting the original (not up-
sampled) data. This correct noise floor is shown in light grey. In our case, the peak
at 5 Hz is simply a consequence of having the 6 noisy data points separated by 50ms
and cannot be interpreted as evidence of 5 Hz tACS modulation. (For interpretation of
the references to colour in this figure legend, the reader is referred to the Web version
of this article.)
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Neuling et al. We calculated the same normalized threshold and
then applied the same zero crossing alignment procedure. Neuling
et al. did not specify what they did if they did not detect a zero
crossing or if they detected two zero crossings. In our analysis, if we
did not detect a zero crossing we subtracted the mean from that
individuals data, thereby centering the data around zero. If we
detected two zero crossings we aligned the one associated with the
largest difference in normalized threshold to 180�. The phase
aligned normalized thresholds from our null hypothesis dataset are
shown in Fig. 5A (compare with Fig. 3 in Ref. [16]). We analyzed the
phase aligned null hypothesis dataset using an ANOVA and found a
significant main effect of phase. We repeated this 100 times and
found a significant main effect 89 times. Data from phase bin in
positive half of the sinewave showing the largest effect were
compared to data from the phase bin in the negative half showing
the largest effect (Fig. 5B). A two sided paired t-test showed that
these two groups were significantly different. We repeated this 100
times and found a significant effect 94 times.With an alpha value of
0.05 we would expect around 5 false positives out of 100. In our
case, both of these statistical effects are false positives, resulting
from bias introduced by the phase alignment procedure.

The null hypothesis datasets were fitted with a sinewave for
each subject, using nonlinear regression analysis (MATLAB,
lsqcurvefit.m) Fig. 5C shows the raw data for each subject (blue
lines) and the average fitted sinewave (red line). We selected two
exemplary fits by selecting subjects with the lowest residuals from
the fitting procedure (Fig. 5D). We still obtain reasonable fits to a
sinewave with null hypothesis dataset because of the low sample
resolution of 6 phase bins spread across one cycle.

Thus, we cannot conclude from the analysis presented in Neu-
ling et al. that tACS phase modulates detection thresholds of a tone
in noise.
Riecke et al., 2015 under null hypothesis

In Riecke et al. [17] the dependent variable was a subject's ac-
curacy at detecting an acoustic click. They measured detection ac-
curacy for 14 subjects across 6 different tACS phase conditions and
one sham condition. They applied a phase alignment procedure by
detecting each subject's best performing condition and aligning
this to 90�. Riecke et al. did correct for the analytical bias by
excluding the phase aligned 90� data points from all further anal-
ysis. They averaged data from the phase angles of the positive part
of the sinewave together (30� and 150�) and averaged data from the
phase angles of the negative part of the sinewave together (210�,
270� and 330�). Compared to sham they found no significant dif-
ference with the positive or negative sinewave conditions. How-
ever, the negative and positive conditions were significantly
different. Thus, when analytical bias was corrected, there was a
modulatory effect of tACS on auditory perception but neither tACS
condition was different from sham.

We assumed the null hypothesis and simulated a dataset con-
taining 6 tACS phase conditions and one sham. The simulation used
one distribution with a mean of 70 and standard deviation of 7.4,
approximately matching reported values. We applied the reported
phase alignment procedure. The average results are shown in
Fig. 6A and the six simulated subjects that were best fit with a
sinewave are shown in Fig. 6B. We applied the same correction
procedure by excluding the 90� condition and averaging together
data from the positive and negative sinewave halves. We did not
find a significant difference between any of the averaged conditions
and sham (Fig. 6C). Nor did we find a significant effect between
averaged data from the negative and positive sinewave halves. We
repeated this simulation 100 times and only found a significant
effect 6 times, approximately in line with an alpha value of 0.05.
Thus, the null hypothesis dataset could not account for the reported
effect of tACS on acoustic click detection. This shows that by
correctly accounting for the analytical bias Riecke et al. were able to
detect a true effect of tACS on auditory perception.

To test if the phase effect oscillated at 4 Hz Riecke et al.
computed the power spectral density of the time-series data and
found that the power at 4 Hzwas significantly greater than at 12 Hz.
An ANOVA showed a significant effect of frequency. They concluded
that this supports the idea that tACS causes an oscillatory modu-
lation of auditory perception which is greatest at the tACS fre-
quency. After running the simulation 100 times a repeated
measures ANOVA detected an effect of frequency 37 times, while a
paired t-test corrected for 2 comparisons found differences be-
tween the 4 and 12-Hz 22 times. These are certainly elevated
compared to the expected 5% error rate, indicating that the analysis
is biased towards detecting an oscillation at 4 Hz.

Two other studies [18,19] from Riecke et al. used similar
analytical methods and bias correction procedures. We imple-
mented the analytical methods used in both papers and tested if a
null hypothesis dataset could account for the reported results. This
was not the case for either of the two studies (results not shown
here, but MATLAB analysis scripts are included in the Supplemen-
tary Information). Thus, again by correctly accounting for analytical
bias, Riecke et al. were able to detect true effects of tACS on auditory
perception.

Discussion

We used simulated data to test the hypothesis that some of the
reported phase-effects of low-frequency tACS on auditory percep-
tion could be accounted for by analytical bias. We found that the
null hypothesis datasets produced similar results to those reported
in studies that did not correct for analytical bias [15,16]. We showed



Fig. 5. Applying the Neuling et al. analysis to a null hypothesis dataset consistently gives false positives. A. The null hypothesis dataset was simulated by drawing data for each tACS
phase condition and the sham condition from the same normal distribution. The null hypothesis data was normalized and a phase alignment procedure was applied as described in
Neuling et al. The grey dots show the individual data points. The white points show the average for each phase bin and the black line and dots show the fitted sine function. The null
hypothesis dataset contains no sinewave modulation. The apparent modulation is simply a consequence of the phase alignment procedure. B. Shows the mean and standard error of
the highest phase condition from the positive half of the sinewave and compares this to the lowest phase condition from the negative half of the sinewave. Even for null hypothesis
data, these conditions are significantly different. This is a direct result of the phase alignment procedure which introduces bias into the analysis. C. Data from each individual
simulated subject is shown in blue and the mean sinewave fit is shown in red. Error bars show standard error. D. We selected two simulated subjects with the best fit for display.
There is no sinewave modulation present in the null hypothesis data. However, a combination of chance effects and low resolution of the phase bins leads to some data being well fit
by a sinewave. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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that the analysis used in those studies consistently produces false
positive results. This makes it difficult to accept the specific con-
clusions relating to tACS effects on auditory perception reported in
those studies. Fortunately, null hypothesis datasets could not
reproduce the results from the studies that did correct for the
analytical bias [17e19], indicating that tACS may cause small but
significant effects on auditory perception.

Assessing phase effects on perception

Here we reviewed the analysis used in studies that investigated
tACS phase effects on auditory perception. However, perception or
function in non-auditory systems can also show phase specific
modulations. Gundlach et al. [23] used tACS to phase modulate
somatosensory perception. Because the highest modulation
occurred at different phases for each subject, they also employed a
phase alignment procedure for the group analysis. The authors
noted that this alignment procedure would introduce bias and
subsequently used a permutation approach to account for the bias.
In Nakazono et al. [22] authors examined the effects of tACS phase
and frequency on motor cortex excitability and found an effect for
both parameters. However, they did not use a phase alignment
procedure, presumably because most subjects showed peak mod-
ulations at a similar phase. Therefore, no bias correction was
necessary. Outside the context of tACS Busch and van Rullen [24]
and Busch et al. [25] looked at performance in a visual attention
task as a function of the phase of an ongoing endogenous brain
oscillations. In these studies, authors aligned each subject based on
their best performing phase. Importantly, they then ignored the
peak in performance at the aligned phase (mentioning that this



Fig. 6. Analysis of null hypothesis dataset cannot reproduce all the tACS effects reported by Riecke et al., 2015. A. The null hypothesis dataset was simulated by drawing data for each
tACS condition and the sham from the same distribution. As described by Riecke et al., 2015, a phase alignment procedure was applied to align the best condition to the 90� phase
bin. The large circles and error bars show the mean and standard error for each phase bin. The horizontal grey line shows the mean sham condition. B. The six simulated subjects
(black circles and line) showing the best fit to a sinewave (grey line) are shown. C. To compensate for the analytical bias Riecke et al., 2015 removed the 90� phase bin from the
analysis. After compensating for analytical bias, they still found a small modulatory effect of tACS on auditory perception. We implemented the same analysis and removed the 90�

phase bin and could not find this effect with our null hypothesis dataset. This indicates Riecke et al., 2015 detected a true modulatory effect of tACS on auditory perception. D. The
mean power spectra of the time series data for each subject is shown (black circles and lines). Repeating the spectral analysis simulation 100 times showed a somewhat elevated
error rate (22 out of 100 repetitions).
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peak was trivial) and drew conclusions from the trends in perfor-
mance at the non-aligned phases. In summary, these studies
highlight how different strategies can be used when assessing
phase effects on perception or function. As a general principle,
when a phase alignment procedure is employed it will create
analytical bias at the aligned phase which must be corrected for.
Accounting for analytical bias in tACS phase-effects

Auditory system delays are caused by mechanical delays in the
middle and inner ear and neural delays in the auditory pathway.
These delays can differ between individuals. An additional source of
individual delay variability could be caused by a different orienta-
tion of cortical neurons relative to the tACS generated electric field.
Therefore, if the aim of tACS experiments is to phase-modulate
auditory cortical processing, it is necessary to use a delay tailored
to the individual subject. When designing tACS experiment and
analysis procedures, two approaches can be used to account for
individual differences in delay.

The first, used by all studies reviewed here, is to measure per-
formance in an auditory task under a range of delay conditions and
a sham for all subjects. This is a valid approach. However, care must
be taken when selecting one delay condition to compare to sham.
Aligning the best performing (or zero crossing) condition for each
subject and comparing this to sham introduces bias, making it
impossible to distinguish between the null hypothesis and a true
effect. Our simulations verify that this bias can be corrected for by
removing the delay condition used for alignment, as done by
Refs. [17e19].

A better approach could be to use a two-stage experiment. In the
first stage task, performance for each subject is measured for a
range of tACS delays. The best performing delay for each subject is
then selected. In the second stage, task performance is measured
for each subject using only their individual best delay and this is
compared to sham. This design removes the possibility of intro-
ducing analytical bias and has the advantage of testing each subject
only at their best performing condition (not possiblewith the single
stage approach). This design will increase experimental time by
roughly a factor 2.
tACS effects on neural responses

We focused on the reported phase effects of low-frequency tACS
on auditory perception. However, two studies also reported effects
of low-frequency tACS on the neural response. The neural response
analysis differs from the perception analysis methods and do not
appear to introduce bias. Neuling et al. [16] reported that low-
frequency tACS increased alpha EEG power. Zoefel et al. [20] did
not detect an effect of tACS on auditory perception. However, they
found a modulatory effect of tACS on fMRI BOLD response to
intelligible speech but not to unintelligible speech. Taken together
this suggests that tACS may modulate neural responses in the
auditory system but that the neural modulation may not always be
associated with a measurable effect on perception.

On the other hand, recent studies indicate that the electric field
in the brain generated by tACS may be too weak to directly
modulate neural responses [9,10,26]. Thus, observed tACS effects on
auditory neural and perceptual responses may not be caused by
direct modulation of auditory cortex neurons. It has been demon-
strated that many of the reported tACS motor system effects can be
accounted for by stimulation of peripheral nerves in the skin rather
than direct modulation of neurons in the motor cortex [13]. Similar
mechanisms, such as the electrical stimulation of the retina or
peripheral nerves in the skin providing a (perhaps sub-perceptual)
cue should be carefully considered for tACS auditory system effects.
Further experiments specifically designed to rule out these possi-
bilities are needed to provide a definitive answer.
Conclusions

Six studies investigating the phase-effects of low-frequency
tACS on auditory perception have been published. One study did
not detect an effect on auditory perception. In two of the studies,
the reported effects on auditory perception can be accounted for by
analytical bias. The final three studies used valid approaches to
account for analytical bias and could measure effects of tACS on
auditory perception. Given these mixed findings, further work is
needed to fully establish the extent of the phase-effects of low-
frequency tACS on auditory perception.
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