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results in the tDCS literature. Furthermore, multiple researcher degrees of freedom can
also inflate published p-values. Recently, Simonsohn, Nelson and Simmons (2014) created a
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novel meta-analytic tool that examines the distribution of significant p-values in a litera-

Transcranial direct current stimula-

ture, and compares it to expected distributions with different effect sizes. Using this tool,

tion

one can assess whether the selected studies have evidential value. Therefore, we examined
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a random selection of studies that used tDCS to alter performance on cognitive tasks, and

P-curve

tDCS studies on working memory in a recently published meta-analysis (Mancuso et al.,

Meta-analysis

2016). Using a p-curve analysis, we found no evidence that the tDCS studies had evidential

Evidential value

value (33% power or greater), with the estimate of statistical power of these studies being
approximately 14% for the cognitive studies, and 5% (what would be expected from
randomly generated data) for the working memory studies. It is likely that previous tDCS
studies are substantially underpowered, and we provide suggestions for future research to
increase the evidential value of future tDCS studies.
© 2017 Elsevier Ltd. All rights reserved.

1.

Introduction

Transcranial direct current stimulation (tDCS) is an affordable, non-invasive technique used to electrically stimulate the

brain. Typically, two electrode pads (a positively charged
anode and a negatively charged cathode) are placed on the
participant. A relatively weak current (typically 1e2 mA) then
runs from the cathode to the anode. This current is thought to
change the resting membrane potential of neurons, resulting
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in hyperpolarization (less activity) under the cathode, and
hypopolarization (more activity) under the anode (Bindman,
Lippold, & Redfearn, 1962; Nitsche & Paulus, 2000), along
with long-term potentiation/depression-like plasticity after
(respectively) anodal/cathodal stimulation (Stagg & Nitsche,
2011). This technique has been used to study changes in
motor cortex excitability and motor learning (Nitsche et al.,
2003). In addition to research on motor processes, tDCS has
more recently been applied to a number of other domains,
including altering cognitive (Sparing, Dafotakis, Meister,
Thirugnanasambandam, & Fink, 2008) and emotional
(Boggio, Zaghi, & Fregni, 2009) function in typical populations,
as a therapy for stroke sufferers (Fregni, Boggio, Mansur, et al.,
2005) and individuals with mental illness (Boggio et al., 2008),
and to augment athletic training in high-level athletes
(Banissy & Muggleton, 2013). In addition, it is inexpensive
(with commercially available devices costing less than $200)
and safe (Bikson et al., 2016). If such a simple device can be
used to improve performance in all of these domains, its
application could revolutionize brain science and rehabilitation. Therefore, it is of critical importance that claims
regarding its effectiveness be examined and scrutinized.
There has been a substantial increase in the number of
published tDCS studies, including studies of tDCS and cognitive processes, over the last five years.1 Intuitively, the sheer
number of manuscripts claiming an effect of tDCS on cognitive processes would suggest that this method clearly modulates behavior. However, there are multiple reasons why the
number of published papers in a field is not always indicative
of evidential value.2 First, null results are typically not submitted for publication (the “file-drawer problem”, Rosenthal,
1979), as editors are more likely to accept positive versus
null results (Franco, Malhotra, & Simonovits, 2014). Although
there are several studies showing a significant effect of tDCS
on cognitive processes, there could be a larger number of
unpublished studies that found no effect.
Second, decisions made during data analysis can falsely
inflate significance. For example, researchers often have a
number of decisions to make when collecting and analyzing
data, including deciding on how many participants to test,
whether (and how) to remove outliers, data transformations
(e.g., using raw vs percentage scores, whether to normalize,
etc.), which dependent variables should be reported or
analyzed, whether to include covariates, whether to use median splits, type of statistical analysis to use, etc. Although it is
best practice to decide on the analysis pipeline before data
collection, these decisions can be made during data analysis
and lead to potential biases (Gelman & Loken, 2013, 2014;
Kunda, 1990). Furthermore, researchers may generate hypotheses after, not before, testing (HARKing: Hypothesizing
After the Results are Known e see Kerr, 1998). For example,
researchers may initially hypothesize that a specific
1

A Pubmed search for the terms tDCS or “transcranial direct
current stimulation” found 68 manuscripts/year (12.8 that
included “cognitive” or “cognition”) from 2006 to 2010, and 370
manuscripts/year (115.8 with “cognitive” or “cognition”) from
2011 to 2015.
2
Evidential value e that the reported findings are due to tDCS
influencing a cognitive process, and not due to some other nonevidential factor.

manipulation influences task performance. Not finding the
predicted effect, the researcher can probe the data to examine
if dividing the population into subsets (e.g., sex differences,
median splits on a different variable) results in a significant
effect of the manipulation. HARKing, using multiple analysis
pipelines, and other practices (such as adding participants
until a significant outcome is reached) all significantly increase the odds of a false positive finding (see Simmons,
Nelson, & Simonsohn, 2011).
Third, underpowered studies are at risk of, not only false
negatives (Type II errors) but also false positives (Type I errors)
and overestimation of true effect sizes (Type M errors, see
Gelman & Carlin, 2014). Small, underpowered studies can only
detect large effects. If the true effect size is small or nonexistent, only studies that overestimate the true effect size
via randomness will cross significance thresholds (the “winner's curse”, see Button et al., 2013; Ioannidis, 2008). Therefore,
a number of factors can lead to a substantial literature with
limited evidential value.
Given these concerns, an important question is how to
assess evidential value in the literature. Simonsohn, Nelson,
and Simmons (2014b) have developed a method for testing
the evidential value of a literature by examining reported pvalues. Using this method, one first finds the distribution of
significant (p < .05) p-values in a selection of published studies,
ignoring any p-values that are not statistically significant.
Next, one compares this distribution of p-values from the
selected literature to distributions that would be expected
given different effect sizes. For example, the distribution of pvalues from a series of studies with no effect is expected to be
flat, such that the same number of p-values should be
observed between .12 and .13 or .74 and .75. Importantly, this
is also true for significant p-values. If there is no true effect
(d ¼ 0), then there should be the same number of p-values
from .01 to .02 as there are from .04 to .05. In the presence of a
real effect, this p-value distribution should be right skewed,
such that there are more observed p-values between .00 and
.01 than between .04 and .05. On the other hand, given certain
questionable research practices, researchers may stop collecting data or do exploratory analyses once they have crossed
the critical p < .05 boundary. This practice, at times called phacking, would result in a distribution of p-values with left
skew (more p-values closer to .05 than .00).
Previous papers have examined the effects of tDCS on
various aspects of cognition using traditional meta-analysis
techniques, with varying results. In the working memory
domain, Brunoni and Vanderhasselt (2014) found that tDCS
led to improvements in reaction time, but not accuracy. Hill,
Fitzgerald, and Hoy (2016) found a small effect of anodal
tDCS on offline (but not online) reaction time, while Mancuso,
Ilieva, Hamilton, & Farah, 2016 found that left dorsolateral
prefrontal cortex (DLPFC) tDCS improved performance when
paired with training, with no other meta-analyses being significant. Dedoncker, Brunoni, Baeken, and Vanderhasselt
(2016) reported that anodal, but not cathodal, DLPFC stimulation altered performance on cognitive tasks, whereas Horvath, Forte and Carter (Horvath, Forte, & Carter, 2015) found
no evidence that tDCS influenced performance on cognitive
tasks (though see Price & Hamilton, 2015 for discussion).
However, Price, McAdams, Grossman, and Hamilton (2015)
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selected the language studies from Horvath, Forte & Carter,
and reported that tDCS can influence performance on language tasks e though this finding has been questioned as well
(see Westwood, Olson, Miall, Nappo, & Romani, 2017).
One issue with traditional meta-analytic techniques is that
they can only be done on available data. Given publication
biases for reporting significant results throughout the scientific literature, meta-analyses that pull from the published
literature will be made primarily (or solely) of significant results, and are not able to take into account unpublished null
findings. The most commonly used method to correct for
publication bias is Trim and Fill (Duval & Tweedie, 2000a,
2000b), in which one examines a funnel plot for asymmetry,
“trims” the studies with the largest effect sizes until symmetry
is obtained, and then replaces the trimmed studies maintaining a symmetric funnel plot. However, Trim and Fill has
been found to be inadequate at detecting publication bias.
Simonsohn, Nelson, and Simmons (2014a) simulated datasets
with varying true effect sizes (from d ¼ .0 to .8), and then
examined the estimated effect sizes from Trim and Fill
compared to the p-curve analysis. They found that Trim and
Fill vastly overestimated the effect size, such that Trim and
Fill meta-analyses reported an effect size of about .7 from
datasets with a true effect size of zero. In contrast, p-curve
analyses provided an accurate estimate of the true effect size.
Given its advantages, we used a p-curve analysis to
examine the evidential value of tDCS studies of cognition.
This method has been used both to demonstrate that certain
sets of studies have evidential value (e.g., studies of syntactic
priming, see Mahowald, James, Futrell, & Gibson, 2016) and
others do not (e.g., studies on “far transfer” in working
memory with active controls and “power posing”, see MelbyLervåg, Redick, & Hulme, 2016; Simmons & Simonsohn,
2017). Therefore, we conducted two sets of meta-analyses to
examine the effect of tDCS on cognitive processes. In our first
set, we randomly selected 30 studies that could be included in
the p-curve analysis that examined the effect of tDCS on
cognition. Then, to account for potential criticisms of the first
meta-analysis (study heterogeneity, possibilities of a biased
sample), we conducted a second set of meta-analyses which
included all studies examining the effects of anodal stimulation on working memory in a recently published metaanalysis (Mancuso et al., 2016). In summary, both metaanalyses did not find evidence that tDCS influences behavior
on cognitive and working memory tasks.

2.

P-curve analysis 1: tDCS and cognition

2.1.

Methods

2.1.1.

Manuscript selection criteria

Our goal for the first meta-analyses was to select empirical
articles that examined the effect of tDCS on cognitive processes. First, we did a Pubmed search in 2014 of all articles
with either transcranial direct current stimulation or tDCS
and the following terms: language, phonological/phonology,
orthographic/orthography, syntax, semantic(s), spelling,
number(s), space/spatial, body schema, vision/visual, sensation, object recognition, touch, haptic(s), somatosensation/
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somatosensory, attention, multisensory, decision making,
decisions, learning, memory, working memory, cognitive
control and cognition (569 manuscripts). We then removed
any review articles, drug studies, animal studies, studies with
non-healthy populations (e.g., stroke survivors, mental
illness, etc.), studies that did not have a behavioral dependent
variable (e.g., studies with solely subjective or neural measures were excluded), and studies that used simple motor
variables (e.g., force production, finger tapping speed), as
these were not considered as cognitive studies for the purpose
of this analysis. We then randomized the manuscript list (223
manuscripts), and selected from this list serially for inclusion.
Before starting the manuscript evaluation, we decided to stop
once we had 30 articles that met inclusion criteria (Asthana
et al., 2013; Balconi, Canavesio, & Vitaloni, 2014; Cattaneo,
Pisoni, & Papagno, 2011; Cerruti & Schlaug, 2009; Coffman,
Trumbo, & Clark, 2012; Elmer, Burkard, Renz, Meyer, &
Jancke, 2009; Feeser, Prehn, Kazzer, Mungee, & Bajbouj, 2014;
Ferrucci et al., 2008; Fertonani, Rosini, Cotelli, Rossini, &
Miniussi, 2010; Filmer, Mattingley, & Dux, 2013; Filmer,
Mattingley, Marois, & Dux, 2013; Floel et al., 2012; Fregni,
Boggio, Nitsche, et al., 2005; Jacobson, Goren, Lavidor, &
Levy, 2012; Kantak, Mummidisetty, & Stinear, 2012; Leite,
Carvalho, Fregni, & Goncalves, 2011; Lupyan, Mirman,
Hamilton, & Thompson-Schill, 2012; Marshall, Molle,
Hallschmid, & Born, 2004; Marshall, Molle, Siebner, & Born,
2005; Meiron & Lavidor, 2013; Metuki, Sela, & Lavidor, 2012;
Moos, Vossel, Weidner, Sparing, & Fink, 2012; Plewnia et al.,
2013; Reis et al., 2015; Rosso et al., 2014; Sela, Ivry, & Lavidor,
2012; Turkeltaub et al., 2012; Vanderhasselt, De Raedt, et al.,
2013; Vines, Cerruti, & Schlaug, 2008; Woods et al., 2014).

2.1.2.

Selecting p-values

We followed the guidelines for p-value selection in
Simonsohn et al. (2014b). In their guide, they instruct p-curve
authors to generate a p-curve disclosure table (Supplemental
Table 1), which contains the researcher hypothesis, study
design, and the manuscript passage containing the significant
test statistic. The analysis should only contain the significant
test statistic(s) that test the original authors' stated hypotheses. If there was only one significant test statistic, this was
included in the “results” column. If there were more than one,
then the additional significant test statistics were included
in the “robustness results” column. The rules for which test
statistics were included in the “results” and “robustness
results” columns are described in the following paragraphs.
The test statistics from these columns are then used to do the
p-curve analyses e a main analysis (with test statistics from
the “results” column) along with a robustness analysis, as an
effort to ensure that any findings in the main p-curve analysis
are not idiosyncratic to those particular p-values. This information is all presented in the p-curve disclosure table
(Supplemental Table 1), with information regarding tDCS
parameters for each study in Supplemental Table 2.
However, a number of studies did not present test statistics
or exact p-values for the hypothesis of interest or at all, or
used inappropriate statistical tests. We reviewed 58 manuscripts, with 28 that did not have a p-value that could be
included in the p-curve analysis (see the following section on
selecting p-values). A detailed description of our selection
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criteria for studies and test statistics to be included in the pcurve table, along with the relevant tables, are in the
Supplemental section.

2.1.3.

Computing the p-curve

After obtaining test statistics that met the stated criteria for 30
manuscripts, we used R 3.3.2 and entered the test statistics
into the p-curve app (version 4.05), using R code provided at
http://p-curve.com/Supplement. All code used in this paper,
along with disclosure tables, scripts and outputs can be found
at https://osf.io/ts6zu/. Please note that these analyses can
also be done without R by using the online p-curve app (http://
www.p-curve.com).
The R code first calculates the exact p-values for each hypothesis, as derived from the test statistics. From these, pcurves (plots showing the percentage of p-values within
quantiles for p < .01, .01 < p < .02, …, .04 < p < .05) were
generated which show the distribution of these exact p-values
(blue lines in the p-curve tables, see Figs. 1 and 2 for examples). Using these p-values, we then tested two hypotheses; 1.
Do the studies contain evidential value (i.e., does the p-curve
demonstrate right skew) and 2. Do the studies lack evidential
value (i.e., is the p-curve flatter than what would be expected
for a set of studies with 33% power)?
For the first hypothesis, the null hypothesis is no effect of
tDCS in our sample (i.e., a flat p-curve e red dotted lines in
Figs. 1 and 2), with the alternative hypothesis being that there
is some effect of tDCS in our sample (a right-skewed p-curve).
To do this, we first took the exact p-value from each study and
generated a pp-value, which is the probability of observing this
p-value if the null hypothesis is true. For example, in examining whether the p-values have evidential value (i.e., does the
p-curve demonstrate right skew), this value is pp/.05. Therefore, a p-value of .01 would have a pp-value of .2, whereas a pvalue of .04 would have a pp-value of .8. Given that no p-values
greater than .05 are entered into the analysis, the largest ppvalue would be 1. Next, the pp values were aggregated using
Stouffer's method (see Simonsohn, Simmons, & Nelson, 2015).
This method combines multiple pp-values, and examines
whether they allow us to reject the null hypothesis of a flat pcurve (with a resulting Z-score and p-value). For example, four

studies with a flat p-curve distribution (.01, .02, .03, .04) would
result in a Stouffer's z value of 0, a p-value of .5, and not reject
the null hypothesis. However, four studies with p-values of .01
(pp-values of .2) would reject the null hypothesis (Z ¼ 1.68,
p ¼ .046), providing evidence for a right-skewed p-curve and
evidential value. Stouffer's test was used for both the full pcurve (all p values less than .05) and the half p-curve (all p
values less than .025).
For the second hypothesis, is the p-curve flatter than what
would be expected for a set of studies with 33% power, our null
hypothesis is that the studies in the analysis contain 33%
power (green dashed lines in the p-curve tables, Figs. 1 and 2),
with the alternative hypothesis being a p-curve with significantly less than 33% power. The method was the same as for
the first hypothesis except for the manner in which pp-values
were generated. Here, power refers to the odds of obtaining a
significant result given the true effect size. For example, if a
researcher were to compare means of randomly generated
data with a ¼ .05, they would obtain a significant result 5% of
the time. A study with 33% power would be expected to obtain
a significant result on only 1 out of 3 experiments.
Pp-values are the probability of observing a significant pvalue if the null hypothesis is true. Here, the null hypothesis is
a right-skewed p-curve generated from studies with 33%
power. As noted in Simonsohn et al. (2014b, p. 538), studies
with 33% power will generate p-values greater than .01 57.6%
of the time, whereas p-values greater than .04 would be
observed only 10.4%. Therefore, studies with a p-value of .01
have a pp-value of .576, and studies with a p-value of .04 have a
pp-value of .104. As before, Stouffer's test was used to aggregate these p-values, both for the full p-curve and half p-curve,
to examine if the selected p-values provided evidence to reject
the null hypothesis (data generated from studies with 33%
power).
Finally, to estimate the statistical power of the studies in
the meta-analysis, the p-curve analysis compares the shape of
the generated p-curve to hypothetical p-curves generated
with power ranging from 5% (flat or left skewed) to 99% (right
skewed e for details, see Simonsohn et al. (2015)). This analysis provides an estimate and confidence interval of the statistical power of the included studies.

Fig. 1 e P-curves showing the distributions of p-values for the 30 cognitive studies (blue), the expected curve if the included
studies had 33% power (green dashed line), and the expected p-curve if the included studies had no effect (red dashed). Plots
are for the main results (a), robustness results (b) and Monte Carlo results (c).
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Fig. 2 e P-curves showing the distributions of p-values for the 22 working memory studies from the Mancuso et al. (2016)
meta-analysis (blue), the expected curve if the included studies had 33% power (green dashed line), and the expected
p-curve if the included studies had no effect (red dashed). Plots are for the main results (a) and robustness results (b).

2.2.

Results

We entered the test statistics from the main results column of
Supplemental Table 1, with the p-curve displayed in Fig. 1a.
First, we examined whether the included studies contained
evidential value e if the p-curve is significantly right skewed.
According to Simonsohn et al. (2015), a set of studies have
evidential value if either a) the half p-curve shows evidence of
right skew (p < .05) or b) both the half and full p-curves show
evidence of right skew (both with ps < .10). In our main
analysis, neither criteria were met (full p-curve, Z ¼ .71,
p ¼ .238; half p-curve, Z ¼ .33, p ¼ .372). Next, we examined
whether the observed p-curve was significantly flatter when
compared to an expected p-curve from studies with 33%
power. This test was significant (Z ¼ 2.02, p ¼ .022), providing
evidence that this selection of studies has inadequate (flatter
than 33% power) evidential value. Finally, the estimate of the
statistical power of the included studies was 8% (90% CI:
5e27%). That is, the best estimate of how many of the studies
in the meta-analysis would find significant results, if replicated, is 8%.
Next, we ran the same analyses, replacing test statistics
from the main results column with robustness results (10
findings). For studies with more than one result in the
robustness column, we selected from these values at random.
For the robustness results, this p-curve did not reject the null
hypothesis that these studies demonstrate no effect (full pcurve: Z ¼ 1.58, p ¼ .057, half p-curve, Z ¼ .32, p ¼ .626; see
Fig. 1b). However, we did not find evidence that the studies
evidential value was inadequate (flatter than 33% power;
Z ¼ 1.22, p ¼ .111). The estimate of statistical power from the
robustness p-curve was 16% (90% CI: 5e40%).
Given that there were a number of studies (10) with multiple test statistics to choose from, we wanted to ensure that
our results were not due to a random sample that was biased
(e.g., more high/low p-values) in any particular manner.
Therefore, we used a Monte Carlo sampling method to select

the median set of p-values for inclusion in the following pcurve analysis. For each of the 30 studies, we randomly
selected one p-value (from the listed p-values in the main and
robustness results columns of Supplemental Table 1) from
each study. This was done 10,001 times. For each of the 10,001
simulations, we calculated the average of the 30 selected pvalues (min: .0191, max: .0249, median: .0218). We then
selected the p-values that generated the median average pvalue (average p-value of .0218) and then entered these into a
p-curve analysis (see Fig. 1c). As before, this p-curve did not
reject the null hypothesis that these studies demonstrate no
effect (full p-curve: Z ¼ 1.39, p ¼ .082; half p-curve, Z ¼ .34,
p ¼ .368). However, this analysis did not demonstrate (at an
alpha of .05) that the evidential value of these studies was
inadequate (flatter than 33% power, Z ¼ 1.39, p ¼ .082). The
estimate of statistical power was 14% (90% CI: 5e37%).
Finally, we examined whether our p-curve analysis was
sufficiently powered to test whether the selected studies have
evidential value. Using R code provided with Simmons and
Simonsohn (2017), we examined the power of our p-curve
analysis (see Reject_null.R on OSF). We found that with 30
studies, a p-curve analysis would have a 93.24% chance to
detect evidential value (>33% power), and a 99.67% chance to
detect 50% power. Furthermore, our analysis was also robust
to having a number of studies with no true effect. Using the
same R code, we would have an 80% chance of detecting a
right-skewed p-curve if 10 studies had d ¼ .8, and 20 studies
had a null effect (d ¼ 0). Furthermore, the power to test
whether our selected studies' evidential value is inadequate is
93.64% (see Accept_null.R on OSF). To summarize, our p-curve
analyses have substantially more power than the tDCS studies
included in the p-curve analysis.

2.3.

Discussion

Our p-curve meta-analysis examined two questions: do the
studies examining the influence of tDCS on cognitive
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processes contain evidential value (i.e., is the p-curve more
right-skewed than a flat p-curve), and do these studies lack
evidential value (is the p-curve significantly flatter than one
generated from studies with 33% power). We analyzed data
from three p-curves, using data from the main results table,
robustness results table, and one in which we selected pvalues that would be closest to the median. None were able to
accept the alternative hypothesis of a right-skewed p-curve,
with all failing to reject the null hypothesis of a flat p-curve.
Therefore, none of these analyses showed that the p-values
from the included studies contained evidential value. For the
question of whether these studies lack evidential value (is
there less than 33% power), only one of the three analysis
rejected the null hypothesis. Therefore, we will not make any
claims that these studies have less than 33% power. That said,
the estimated power of the included tDCS studies was quite
low, ranging from 8 to 16%. This means that our best estimate
is that anywhere from 1 in 6 to 1 in 12 of the included studies
would replicate. Finally, our power analysis demonstrates
that our sample was well-powered to detect a right-skewed pcurve, even at >33% power. Overall, these results indicate
minimal evidential value in the included sample of tDCS
studies on cognition.
There are two potential criticisms of this meta-analysis.
The cognitive studies in our sample are quite heterogeneous, with a number of different processes that may be
differentially influenced by tDCS. It is possible that tDCS
may have a strong influence on cognitive process A, but not
cognitive process B; that tDCS may only influence cognitive
processes using electrode montage X, but not electrode
montage Y; or that there is some specific combination of
montage, task, cognitive state, etc. that would reliably
demonstrate effects. Our sample size is not large enough to
examine whether tDCS influences a specific cognitive process using a specific montage, dosage, etc. However, we first
note that our meta-analysis is examining whether published
manuscripts examining the effects of tDCS on cognition have
evidential value, not whether tDCS under particular circumstances does or does not influence cognitive processes.
Given that all of the papers included in the p-curve analyses
claim that tDCS influences cognition in some way, one
would expect that tDCS would influence cognition over
enough of these studies to demonstrate evidential value.
That said, there is a valid concern that this analysis could be
misinterpreted as definitively stating that all tDCS studies of
cognition do not contain evidential value. To be clear, we are
not making this claim.
Second, this p-curve analysis has included a sample of
tDCS studies on cognition, not every tDCS study in the entire
literature. There are potential concerns regarding the sample
itself, such that it may be biased (either due to vagaries in
random selection, or implicit/explicit biases on the part of the
authors). To address both concerns about our sample and
study heterogeneity, we decided to do a second meta-analysis
on a full selection of studies within a specific cognitive
domain. Furthermore, to ensure no selection bias on the part
of the authors, we selected our experiments from a recently
published meta-analysis of the effects of tDCS on a specific
cognitive process e working memory.

Mancuso et al. (2016) recently published a meta-analysis of
studies that aimed to improve working memory using anodal
tDCS. This meta-analysis examined how four different combinations of anodal stimulation (left DLPFC, left DLPFC with
cognitive training, right DPLFC, and right parietal) compared to
sham stimulation influenced working memory performance.
Interestingly, a number of these studies did not show a significant effect of tDCS when simply comparing performance after
anodal versus sham tDCS. Out of 23 studies that compared left
anodal DLPFC stimulation to sham stimulation, only five reported a significant effect of anodal tDCS compared to sham
tDCS. However, 20 out of these 23 studies reported a significant
effect of anodal tDCS that was consistent with their hypothesis.
In most cases, the significant finding in support of the authors'
hypothesis was an interaction with some other factor (e.g., item
subcategories, test type, median splits, etc.). One possibility is
that these additional factors are important and provide key
information regarding what may (or may not) modulate the
effects of tDCS on working memory. A second possibility is that
having a number of statistical tests, along with increased
researcher degrees of freedom (see Simmons et al., 2011) can
lead to an increased number of false positives. For example, the
odds of a false positive using an ANOVA with an a of .05 in a
2  2  2 design with 3 DVs is 1  (.95)21 ¼ 65.9%. (Each ANOVA
has seven tests: three main effects, three two-way interactions,
and one three-way interaction; seven tests * three DVs ¼ 21
statistical tests.) A number of potential statistical tests, combined with additional researcher degrees of freedom provided
by median splits and other data transformations could lead to a
literature with minimal signal. Therefore, in our second metaanalysis, we used the studies selected by Mancuso et al. (2016)
in a p-curve analysis.

3.
P-curve analysis 2: tDCS and working
memory
3.1.

Methods

The methods were the same as in Experiment 1, with a few
key differences regarding study selection. Instead of selecting
from a random sample of studies, we chose to examine every
experiment that was analyzed in Mancuso et al. (2016). This
included 34 experiments from 31 manuscripts. The p-curve
disclosure table for the selected studies is in Supplemental
Table 4. The Mancuso et al. (2016) meta-analysis focused on
simply examining the effects of anodal versus sham tDCS on
working memory (i.e., no interactions with other factors). This
analysis was not significant in the majority of the experiments. Given that the p-curve analysis can only use significant findings, this precluded us from doing a p-curve analysis
on the exact tests analyzed in Mancuso et al. (2016). Therefore,
as done in our first p-curve analysis, we selected the significant statistical test(s) that examined the researchers' stated
hypothesis. Second, if there were multiple significant findings
with different polarity comparisons (e.g., anodal vs sham,
cathodal vs sham), we chose the anodal vs sham comparison
for the main results column, with the other comparison(s) in
the robustness results table. If there were multiple significant
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DVs from the same polarity comparison, we randomly chose
which ones to include in the main versus robustness results
table. Third, given that the 0-back and 1-back tasks are not
considered as strong tests of working memory (see Braver
et al., 1997) and were not included in the Mancuso et al.
meta-analysis, we did not include significant results from
these tasks in our meta-analysis. After removing 12 studies
from 12 manuscripts that met our exclusion criteria, 22
studies from 19 manuscripts were included in the analyses
that follow (Berryhill, Wencil, Coslett, & Olson, 2010; Bona &
Silvanto, 2014; Fregni, Boggio, Nitsche, et al., 2005; Gill, ShahBasak, & Hamilton, 2015; Gladwin, den Uyl, Fregni, & Wiers,
2012; Hoy et al., 2013; Hsu, Tseng, Liang, Cheng, & Juan, 2014;
Jones & Berryhill, 2012; Jones, Goezenman, & Berryhill, 2015;
Keeser et al., 2011; Keshvari, Pouretemad, & Ekhtiari, 2013;
Meiron & Lavidor, 2013; Mylius et al., 2012; Nozari &
Thompson-Schill, 2013; Tseng et al., 2012; Vanderhasselt,
Brunoni, Loeys, Boggio, & De Raedt, 2013; Wolkenstein &
Plewnia, 2013; Wu et al., 2014).

3.2.

Results

Using the test statistics from the main results column of
Supplemental Table 4, we generated a p-curve (see Fig. 2a) and
examined if the p-curve is significantly right skewed (null of
no effect, alternative: right-skewed). The null hypothesis was
not rejected (full p-curve, Z ¼ .07, p ¼ .471; half p-curve,
Z ¼ .87, p ¼ .191). We then examined whether the observed pcurve was significantly flatter when compared to an expected
p-curve from studies with 33% power (null of 33% power,
alternative: less than 33% power). This test was significant
(Z ¼ 2.24, p ¼ .013), providing evidence that this selection of
studies lacks (flatter than 33% power) evidential value. Finally,
the estimate of statistical power of the included studies was
5% (90% CI: 5e22%). In other words, the best estimate of how
many of the studies would replicate is 5%. We note that a
sample of studies generated from random noise would have
the same power estimate, as with an a of .05 and an effect size
of zero, 5% of studies should find a significant effect.
We ran the same analysis replacing test statistics from the
main results column with the robustness results column (9
findings). We did not find evidence that the studies contained
evidential value (full p-curve: Z ¼ .12, p ¼ .546, half p-curve,
Z ¼ .49, p ¼ .689; see Fig. 2b). Furthermore, we did find evidence
that the studies evidential value was inadequate (flatter than
33% power; Z ¼ 2.39, p ¼ .0085). The estimate of statistical
power from the robustness p-curve was also 5% (90% CI:
5e20%). Again, the best estimate of power was the same as
what would be expected from studies generated from random
data.

4.

General discussion

Our analysis shows that there is minimal to no evidence that
tDCS influences cognitive processes more generally, and
working memory more specifically, in the current literature.
None of our analyses provided evidence that the studies
reviewed contained evidential value that tDCS influenced
cognition. The estimate of statistical power of these studies
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ranged from 8 to 16%, meaning that approximately 8e16% of
these studies would be predicted to replicate. Given potential
concerns regarding study selection and heterogeneity, we ran
p-curve analyses on studies in the working memory literature
from a recent meta-analysis (Mancuso et al., 2016). None of
these analyses provided evidence that these studies contained
evidential value, and our analyses confirmed that these
studies lacked evidential value (less than 33% power). An estimate of the statistical power of these working memory
studies was the same as what would be expected with random
data. Although there are hundreds of published studies
demonstrating that tDCS influences cognition or working
memory, our meta-analyses suggests that these results
should be taken with great caution. We note that our p-curve
analysis differs substantially from more traditional metaanalyses. Previous tDCS meta-analyses do not correct for
publication bias (Price et al., 2015) whereas others use
methods like Trim-and-Fill that underestimate the influence
of publication bias. Our study demonstrates the importance of
taking publication bias into account in examining evidential
value in a set of studies.
Do these results provide definitive evidence that tDCS does
not influence cognitive processes? No. First, we note that the
studies examined in this review utilizes a variety of different
stimulation parameters, in which stimulation site, polarity,
current, reference electrode location, length of stimulation,
when stimulation occurred (during or after the task), and
other factors varied. One possibility is that there are specific
tDCS combinations that consistently influence performance
in a specific cognitive domain. Consider a hypothetical
example in which anodal tDCS only has an effect on task A at
2.0 mA, but no effect on task A at 1.5 mA, and no effect on task
B regardless of amperage. A p-curve analysis that includes all
of these studies may not find a right-skewed p-curve, especially if the effect size of anodal tDCS on task A at 2.0 mA is
small to moderate. It could be that a few of the studies in our
p-curve analysis have a true, replicable effect, while the rest
are noise masquerading as signal.
Regardless, even if there is evidential value in some of the
included studies, the overall p-curve analysis suggests that
the majority of the included studies have limited to no
evidential value. To clarify, we note that studies included in a
p-curve analysis do not need to have particularly large, or
uniform, effect sizes to generate a right-skewed p-curve (see
Simonsohn et al., 2014b, Fig. 1B which shows a right-skewed
p-curve generated from data with N ¼ 20 and d ¼ .3, a relatively small sample size and effect size). Furthermore, our
cognition p-curve analysis was sufficiently powered to detect
a right-skewed p-curve if one-third of the studies had a large
effect size (d ¼ .8) and two-thirds of the studies in the sample
had no effect (d ¼ 0). Therefore, it is very likely that a number
of studies examining the effects of tDCS on working memory
and cognition in our sample have minimal to no evidential
value. Furthermore, given typical assumptions regarding
random sampling (i.e., that the random sample is representative of its population), it is likely that there are a number of
published tDCS studies on cognition and working memory
that have minimal to no evidential value. This is a significant
problem for the field. A number of researchers may be wasting
time attempting to replicate findings that are not true.
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Furthermore, if there is a true effect of tDCS given a particular
combination of task, montage, polarity, etc., these real findings run the risk of being hidden in a sea of noise. To address
these concerns, we outline a few reasons for why these
studies may have minimal evidential value, and provide
suggestions for future research.
One possibility is the sample sizes typically seen in the
tDCS literature. In the studies examined in this paper, the
average N for each group in between-subjects designs was
14.6 (9.5e21), and 17.9 (10e46) for within-subjects designs. We
used G-Power 3.1.9.2 (Faul, Erdfelder, Lang, & Buchner, 2007) to
examine the number of subjects needed to detect an effect
with 80% power (i.e., there being an 80% chance to detect a
significant effect if an effect existed) using a simple two-tailed
t-test. For between-subjects designs, one needs a n of 26 in
each group to detect a large effect (d ¼ .8), 64 in each group to
detect a medium effect (d ¼ .5), and 394 to detect a small effect.
None of the between-subjects studies in our analysis had
enough subjects to detect a large effect with 80% power, with
15 subjects per group only having 69% power to detect a large
effect (38% medium effect, 13% small effect). To have 80%
power in a within-subjects design, one would need 15 participants with a large effect size, 34 for a medium effect size, and
199 for a small effect size. The average within-subjects tDCS
study in this review (n ¼ 18) did have sufficient power to detect
a large effect (89%), but only 51% power to detect a mediumsized effect, and 13% to detect a small effect. Furthermore,
we note that these power estimates are only for simple comparisons between two groups. Given that many of these
studies use more complicated designs (e.g., 3  2 or 3  2  2
interactions), it is possible that more participants would be
necessary in these designs. Future tDCS studies should have
larger sample sizes to provide better estimates of the actual
effect (if any) of tDCS on cognitive processes, and to avoid
false positives with falsely inflated effect sizes that occur with
underpowered studies. We note that relatively small sample
sizes can be justified if the true effect is large. Robust findings in
the psychological literature (e.g., the Stroop effect, Simon effect) can be easily replicated without needing to test 200
subjects. If an initial study finds a large effect of tDCS on a
cognitive process, it should be relatively easy to replicate if
there truly is a large effect. However, given that underpowered
studies can only detect large effects (the “winner's curse”,
Button et al., 2013; Ioannidis, 2008), it is imperative that these
replications be done to examine whether published findings
have evidential value.
Therefore, we encourage direct replication and publication
(even of null results) of findings in the tDCS literature. For
example, the study with the lowest p-value across both of our
p-curve analyses (Cattaneo et al., 2011, p ¼ .0001) recently
failed to replicate with p ¼ .97 (Vannorsdall et al., 2016).
Furthermore, there have been other recent failures to replicate tDCS findings in the literature (e.g., Brückner & Kammer,
€ m, & Lo
€ vde
n, 2017; Westwood
2016; Nilsson, Lebedev, Rydstro
et al., 2017). There is a well-known bias towards publishing
positive results (especially if they are novel and interesting)
versus null results. This weighting of novelty over veracity
and replicability, along with limitations in journal pages and
interest, can make it difficult to published failed findings.

Given these potential biases, it is absolutely critical for researchers to be aware of what can and cannot replicate.
Therefore, we suggest that researchers open their file drawers,
either by attempting to publish these findings (in traditional
journals or preprint archives) or posting the data and findings
on sites like the Open Science Framework (https://osf.io/).
Furthermore, pressures to publish e especially evident for
graduate students, post-doctoral fellows, and early-career
faculty whose career success is often predicated on published papers e provide perverse incentives for scientists. We
also suggest that editors and funding agencies reward solid,
replicable research over unstable findings.
Furthermore, the results from this p-curve analysis provide
evidence that tDCS studies on cognition and working memory
should be further examined. Although all 52 studies were
published with significant results demonstrating tDCS influencing cognitive processes, in sum, the results provide minimal evidence in support of this claim. Given this, we present a
few recommendations for future tDCS studies, such that the
evidential value of tDCS can be better examined. First, tDCS
studies should be preregistered, with the hypothesis, dependent variables, number of subjects tested (using power analyses to choose sample size) and analysis pipeline described
before the data are collected. In our sample of tDCS studies, a
number of studies had three factors and multiple dependent
variables. These designs alone, with no a priori hypothesis
regarding the specific hypothesis of interest, allow for high
false positives. By preregistering the important hypotheses to
be tested, along with sample sizes that are designed to be
sufficiently powered to detect the finding of interest, the
reader can be more confident that a significant effect indicates
that tDCS influences cognition. Furthermore, preregistration
limits a number of questionable research practices (e.g.,
HARKing, adding subjects until reaching significance, etc.)
that decrease the evidential value of a statistically significant
finding. Other suggestions for improving study design, both
for researchers and reviewers, can be found in Simmons et al.
(2011).
Finally, we note that these issues are not limited to studies
of transcranial direct current stimulation. Although this
manuscript focused on tDCS and cognition/working memory,
we note that other subfields in psychology have been struggling with similar issues regarding replicability and evidential
value (Chambers, 2017). It is imperative that researchers
across all fields endeavor to use better methods so that future
work can build on a firm foundation (Kaelin, 2017). Given the
potential for tDCS in cognitive enhancement, both for
neurologically intact and brain-damaged individuals, it is
important that we have a clear understanding of its benefits.
Therefore, we encourage the field to use research practices
that allow for a better understanding of the evidential value of
tDCS.
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