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Abstract

Dozens of TMS and tDCS studies suggest a functional involvement of motor cortex in action language
comprehension, supporting the embodied cognition view. In a recent study (Solana & Santiago, 2022, Neurosci.
Biobehav. Rev., 141, 104834), we evaluated the soundness of this literature by means of p-curve analyses and tests
for excess significance. The analysis estimated a low average power (= 30%) and showed signs of publication bias,
which led us to conclude that this body of findings does not stand on solid ground. Yet, the employed techniques
seem to perform poorly when high heterogeneity is present (as is the case) and cannot quantify the amount of
publication bias. For these reasons, in the present paper, we reanalyzed the same set of studies with a method that
does not have these limitations: z-curve analysis. Z-curve not only replicated our prior conclusions but showed an
even more heartbreaking situation, with a lower power estimation (= 20%) and clear signs of a strong publication
bias (around 6-10 unpublished contrasts expected to exist for each published one). Researchers on this topic should
consider these shortcomings before drawing conclusions from this body of findings, as well as start implementing

robust and transparent research practices to improve their reliability.
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Introduction

Which neurocognitive mechanisms underpin action language comprehension? According to the
grounded and embodied theories, conceptual processing is closely linked to our bodily experiences (for
a review, see Barsalou, 2008). On this basis, several influential versions of embodiment assert that the
understanding of action-related language requires simulating its motor content via the motor areas of
the brain (e.g., Barsalou, 1999; Pulvermiller, 2005). This view thereby predicts that motor activation is
an automatic and necessary component of action language semantics. Consider the verbs pick and kick.
The mentioned account would predict that the hand portion of the motor cortex will be recruited to
process pick, whereas the foot motor cortex will be engaged in processing kick. A number of behavioral
(e.g., Glenberg et al., 2008), EEG (e.g., Hauk & Pulvermiller, 2004), and neuropsychological (e.g.,
Boulenger et al., 2008) studies have concluded in support for this idea. Despite that, whether the motor
system is causally involved in language understanding remains under debate (e.g., see Mahon &

Caramazza, 2008).
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A key strategy to test the causal involvement of motor areas in language comprehension has been the
use of non-invasive brain stimulation techniques such as Transcranial Magnetic Stimulation (TMS; e.g.,
Buccino et al., 2005; Repetto et al., 2013; Vukovic et al., 2017) and Transcranial Direct Current
Stimulation (tDCS; e.g., Birba et al., 2020; Vitale et al., 2021). On the one hand, TMS to the motor cortex
elicits motor-evoked potentials (MEPs) that can be recorded from the muscles. This has been used to
assess whether the motor system is recruited within the temporal window at which semantic
processing is expected to occur. For instance, Buccino and colleagues (2005) found that listening to
hand- and foot-related sentences decreased the amplitude of MEPs from hand and foot muscles,
respectively, 200 ms after sentence presentation. On the other hand, repetitive TMS protocols (rTMS)
and tDCS allow to disrupt the normal functioning of motor cortex (similar to a brain lesion) and test
how this impacts language comprehension. If the cortical motor areas play a causal role in linguistic
processing, then stimulating those regions ought to affect how people process language. As an example,
studies like Repetto et al. (2013) or Vukovic et al. (2017) have found that the application of rTMS to the
hand primary motor cortex slowed down responses for manual (vs. non-manual) verbs in semantic
judgement tasks. This kind of brain stimulation studies have been considered as clear causal evidence

in support of the embodiment hypothesis (e.g., see Barsalou, 2008).

In a recent paper (Solana & Santiago, 2022; SS22 hereafter), we assessed the evidential value, average
power, and publication bias of this literature. To do so, we first searched for all the published studies
that used non-invasive brain stimulation (TMS and tDCS) to test the implication of motor cortex in
action language processing. Forty-three studies were selected. Then, we submitted them to two meta-
analytic techniques: p-curve analysis (Simonsohn et al., 2014) and test for excess significance (TES;
loannidis & Trikalinos, 2007). P-curve is a method that relies on how the significant p-values of a set of
studies distribute: If there are no true effects in a given literature, the distribution should be flat. If the
majority of the effects are real, then the distribution should exhibit more values close to p = 0 than to
p = 0.05. And under extreme forms of p-hacking, values close to 0.05 can even be more frequent than
those close to 0. P-curve is thus able to inform about both the evidential value of a set of studies (i.e.,
to what extent the findings can be explained by the presence of non-optimal practices) and their
underlying average statistical power (i.e., their expected replication rate if identically repeated). TES is
used to compare the observed proportion of significant findings in the study set with its average power
(in our study, identified by the p-curve). A significantly greater number of observed than expected

significant findings is interpreted as a sign of publication bias.

The results were striking. First, the shape of the p-curve showed that, after two decades of research
and over 40 studies, the majority of them reporting significant findings, the evidential value of this set

of studies is currently inconclusive. Second, their estimated underlying power was quite low (= 30%),

Solana et al. (2023). Psicologica, 44 (2): e15661 2



which predicts that around 70% of them would not replicate if repeated identically. Third, TES
suggested publication bias, as indexed by a disproportionate number of significant results (= 70%) given
their estimated power (= 30%). In a nutshell, our analyses indicated that the published motor cortex

stimulation studies of embodied language comprehension do not stand on solid ground.

Yet, p-curve analysis and TES are not exempt of criticisms. Although p-curve analysis was designed to
deal with heterogeneity (Simonsohn et al., 2014), some authors have shown that it overestimates
power under conditions of high heterogeneity (McShane et al., 2016; Brunner & Schimmack, 2020; van
Aert et al., 2016; but see Simmons et al., 2018). This could have influenced our results, as there are
large differences in the experimental procedures and measures within these studies (see S522). If so,
one can suspect that the situation is even worse than concluded in SS22. In a similar vein, TES has also
been shown to produce biased outcomes in presence of heterogeneity (Renkewitz & Keiner, 2019).
Moreover, since we used the power estimated by the p-curve to run the TES, the limitations of the
former technique may also have contributed to bias the conclusions from the latter. Finally, it is also
worth mentioning that TES can reveal the presence of publication bias but cannot quantify the amount

of bias (Bartos & Schimmack, 2022).

Fortunately, a recently developed tool seems to be able to circumvent these limitations: z-curve analysis
(Bartos & Schimmack, 2022; Brunner & Schimmack, 2020). Broadly, z-curve takes both significant and
non-significant p-values as input (unlike p-curve, which only evaluates significant values), recomputes
them into z-scores, and models them as a mixture of truncated folded normal distributions. As a result,
not only does it yield better estimations than p-curve and TES when heterogeneity is present, but it also
provides more revealing plots and allows quantifying the amount of publication bias (see the Methods

section for details).

In the present paper, we reanalyze the studies included in SS22 by means of z-curve analysis. This
provides a less biased and more complete evaluation of the reliability of the extant TMS and tDCS

studies assessing the involvement of motor cortex in action language comprehension.

Methods
Transparency and open practices

Raw data, analysis scripts, high quality plots, and supplementary information of the present study are

available at the following Open Science Framework (OSF) repository: https://osf.io/4f6em/
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Contrast selection

We reanalyzed the same set of studies included in SS22, which includes 43 studies containing 47
experiments (e.g., Birba et al., 2020; Buccino et al., 2005; Repetto et al., 2013; Vitale et al., 2021;
Vukovic et al., 2017). All of them were peer-reviewed studies published in international journals that
used either TMS or tDCS over cortical motor areas (primary motor cortex, premotor cortex, or
supplementary motor area) and employed tasks related to the processing of action-related words
(verbs, nouns, and adjectives), sentences, or texts. The dependent variables of the studies included
behavioral measures such as reaction time, accuracy, recall rate, or learning measures, but also
neurophysiological measures like MEPs. The complete list of selected studies, as well as their main
characteristics (e.g., type of task, dependent variable, or sample size), can be consulted in Table 1 of

SS22.

The contrasts selected were the same as in SS22, with the exception that we included several non-
significant results that could not be included in our prior p-curve analysis. All the contrasts selected
refer to the central hypotheses of the analyzed studies and were selected following the guidelines
provided by Simonsohn et al. (2014). The exact p-value of all the newly included contrasts was
recalculated from the reported statistic through the P-Curve App 4.06 (http://www.p-
curve.com/app4/). None differed from the value reported in its respective paper. Yet, some non-
significant results were reported in a vague way without declaring their exact numerical value (e.g., “No
other effects reached significance”) or without the value of the statistical test they refer to (e.g., For t).
This impeded us recalculating their exact value and therefore, inputting them into the z-curve analysis.
In these cases, we emailed the corresponding authors of the papers and asked them for the missing
information. Only 2 out of 8 authors replied, and neither of them reported having access to the

requested data anymore.

On many occasions, more than one valid contrast could be selected for a study (e.g., in studies with
more than one hypothesis, or studies testing a hypothesis with several tests). In these cases, to avoid
selection biases, and as Simonsohn et al. (2014) recommend, SS22 ran two complementary analyses
using two slightly different sets of contrasts: a main analysis and a robustness analysis. Here, we
adopted the same strategy. When two or more hypotheses were present in a paper, the contrast testing
the first hypothesis appearing in the paper was selected for the main analysis, and the contrast testing
the second hypothesis was included in the robustness analysis. The same applies to those papers testing
the same hypothesis in several ways: the first test reported was selected for the main analysis, while

the second one was included in the robustness analysis.
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In brief, 53 contrasts were initially selected for both the main and the robustness analysis, but 15 (4
presumably significant and 11 presumably non-significant) were excluded from the main analysis, and
13 (4 presumably significant and 9 presumably non-significant) from the robustness analysis, because
their exact value was not reported or could not be recalculated. As a result, 38 values (33 significant
and 5 not significant; coming from 33 studies) were included in the main analysis, and 40 values (33
significant and 7 not significant; coming from 33 studies) were included in the robustness analysis. An
updated version of SS22’s disclosure table including all the values entered in this reanalysis can be

found in the OSF repository (https://osf.io/7w8c4).

Analytic strategy: Z-curve analysis

Z-curve analysis transforms a set of p-values (including both significant and non-significant values) into
z-scores. When there are no true effects in a set of studies, z-scores distribute following a normal
distribution centered in z = 0 and the probability of obtaining a significant result is 5% (assuming an
alpha level of 0.05). However, when true effects underlie a literature, the likelihood of obtaining a
significant result depends upon the statistical power we have: the more power, the more likely it is to
obtain a significant p-value (Lakens, 2022a). Based on these assumptions, z-curve takes a set of z-
transformed p-values and models them as a mixture of truncated folded normal distributions to

calculate several indexes of interest (for details, see Bartos & Schimmack, 2022).

First, it provides two indexes of statistical power: the Expected Discovery Rate (EDR) and the Expected
Replicability Rate (ERR). The EDR is the expected proportion of significant results in the set of studies,
including both studies reporting significant and non-significant findings. In other words, the estimated
average power of all the studies included in the analysis. The ERR is the expected proportion of
significant results only within the studies reporting significant findings. That is, the estimated power

and replicability rate of the studies with significant findings.

Second, z-curve provides indexes of publication bias. To do so, the EDR can be compared with the
Observed Discovery Rate (ODR): the observed proportion of significant results. If the estimate of the
ODR does not lie within the 95% Cl of the EDR, then the analysis suggests the presence of publication
bias. Moreover, and contrary to TES, z-curve analysis also allows to quantify the amount of publication
bias. Dividing the ODR between the EDR reveals the File-Drawer Rate: the estimated number of

unpublished results for every published one.

The reanalysis was performed in R (R Core Team, 2021) through the zcurve package (version 2.3.0;

Bartos & Schimmack, 2020). The raw data and the analysis script are available in the OSF repository.
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Results

What is the power underlying these studies? The EDR estimated from the model was 0.14 (95% CI [0.05,
0.31]) for the main analysis and 0.09 (95% Cl [0.05, 0.31]) for the robustness analysis, which indicates
an average power of around 10% for all the conducted studies, including those with significant and non-
significant results. The ERR was estimated at 0.18 (95% Cl [0.03, 0.39]) for the main analysis and 0.20
(95% CI [0.03, 0.43]) for the robustness analysis. This suggests an average power of around 20% for the
studies reporting significant findings. In other words, if we conducted exact, direct replications of the

studies reporting significant results, only around 20% of these studies would replicate.

A. MAIN ANALYSIS B. ROBUSTNESS ANALYSIS
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Figure 1. Z-curve plot of the articles included in Solana and Santiago (2022). The histograms represent the
distributions of the z-scores. The red vertical lines represent a z-score of 1.96, which corresponds to the significance
threshold of p = 0.05 (two tailed). The blue continuous lines represent the estimated distributions of the inputted
values. The blue dotted lines represent the 95% Cl for the expected distributions. The plot to the left refers to the
main analysis, whereas the plot to the right refers to the robustness analysis (see the OSF repository for a higher

quality version of the plot).

Is there publication bias within these studies? Figure 1 depicts the observed (histograms) and expected
(blue lines) distribution of p-values (transformed to z-scores) for the main and the robustness analysis.
In both cases, the plot clearly shows a much lower number of observed than expected non-significant
values (those to the left of the red line representing the significance threshold). This indicates the
existence of several missing contrasts, suggesting the clear existence of publication bias. The latter
conclusion is also supported by the comparison between the EDR and the ODR. The ODR was 0.87 (95%
CI[0.71, 0.95]) for the main analysis and 0.82 (95% CI [0.67, 0.92]) for the robustness analysis. Crucially,
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the estimates of the ODRs are far from being captured by the 95% Cls of the EDRs, reaffirming the
presence of publication bias. Moreover, the File-Drawer Rate was estimated at 6.38 (95% Cl [2.21,
19.00]) for the main analysis and 10.13 (95% Cl [2.23, 19.00]) for the robustness analysis, which predicts
that there are approximately between 6 and 10 unreported non-significant contrasts for each reported

significant contrast.

Yet, our results might be somewhat biased by the fact that the above-presented ODRs (and
consequently the File-Drawer Rates) only include those p-values that could be recalculated. To check
for this possibility, we computed an additional ODR by manually counting the number of significant vs.
non-significant contrasts, independently of whether we could recalculate them or not (as we also did
in SS22). The ODR value was 69.8% for both the main and the robustness analysis. As with the ODRs
calculated through the z-curve analysis, this value is not captured by the 95% Cl of the EDRs. The
resulting File-Drawer Rate was 4.99 for the main analysis and 7.76 for the robustness analysis.
Therefore, these results yield the same conclusions than using the z-curve ODR: that this set of studies

contains signs of publication bias.

Discussion

In this paper, by means of z-curve analyses, we reanalyzed the data from a recent study (Solana &
Santiago, 2022; SS22) in which we challenged the reliability of the available motor cortex stimulation
studies of embodied language comprehension using p-curve analyses and tests for excess significance
(TES). Broadly, the present z-curve reanalysis supports our previous conclusions by showing that,
indeed, this set of studies has low statistical power and contains signs of publication bias. Actually, it

suggests that these problems are even worse than reported in S522.

First, in SS22, we estimated an average statistical power for this literature at around 30%. Here, z-curve
estimated power at around 20% for the studies reporting significant findings, and only around 10% for
all the extant studies (those reporting both significant and non-significant findings). Therefore, if we
conducted identical direct replications of these stimulation studies, the vast majority of them would
not replicate (= 80%), posing clear problems for embodiment research. Importantly, since z-curve is
more robust to heterogeneity than p-curve (Bartos & Schimmack, 2022; Brunner & Schimmack, 2020),
this power estimation is less likely to be biased than the one obtained in our previous p-curve. As
discussed in detail in SS22, we think that the cause beneath this low power is probably the use of small
sample sizes, which has been identified as one of the main reasons of low-powered studies in cognitive
science (e.g., Button et al., 2013). In this regard, we already noticed that the mean sample size of these
studies is just N = 22.7 and that, with very few exceptions, these sample sizes are not based on a-priori

power analyses (see S522).
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Second, the TES in SS22 showed a clear disparity between the observed and expected rates of significant
results, suggesting the presence of publication bias. Z-curve not only replicates the significant disparity
found in our prior TES but also estimates that there are approximately between 6 and 10 unreported
non-significant results for every reported significant result (or between 5 and 8 if considering the ODRs
that include those values that cannot be recalculated). This shocking index, together with the visual

inspection of Figure 1, clearly suggests that there is a large amount of publication bias in this literature.

Still, the causes of this bias remain unclear, and present analyses cannot discern between the possible
causes. One possibility is that only those studies with positive findings have been published (Rosenthal,
1979), which predicts that there may be more than 300 unpublished studies on this topic (around 6-10
per every published one). Considering the difficulties and costs of conducting brain stimulation studies
(e.g., Boes et al., 2018), we believe that this scenario is highly implausible. More likely, many of the
significant findings in these studies might derive from non-optimal research practices during the data
analysis, collection, and reporting process, such as running multiple types of analyses, or trying different
criteria for outlier exclusion and data trimming, but only reporting those cases which yield significant

results (John et al., 2012; Munafo et al., 2017; Simmons et al. 2011).

In this line, we already found some signs in agreement with the latter interpretation in SS22. For
instance, 42 out of the 43 included studies were not preregistered, leaving the degrees of experimenter
freedom untouched, and making more difficult for other researchers to evaluate whether the authors
of a paper have engaged in non-optimal practices (Hardwicke & Wagenmakers, 2023; Lakens, 2019).
Relatedly, small sample sizes (as is the case) have also been identified as hotbeds for false-positive
results, since the use of non-optimal practices have stronger effects when the sample is small (Simmons
etal., 2011). Moreover, several studies concluded in support of their hypotheses even when the crucial
statistical contrasts were not tested or came out non-significant (see SS22 for details). Yet, it is
important to clarify that our point is not to accuse the researchers in this literature of carrying out non-
optimal practices knowing that they are non-optimal, or even getting involved in scientific fraud. Many
researchers were until relatively recently unaware that these practices were non-optimal. Indeed, many
of the practices that are currently identified as non-optimal have been historically justified as part of
standard research practice (Bem, 2003; John et al., 2012). For that reason, we believe that the present
paper is especially relevant to raise awareness in future researchers about these issues and encourage

them to embrace more robust and transparent methods.

In a similar vein, we want to point out that present results should not be taken as evidence against the
embodiment of language. As discussed in SS22, we are not directly testing whether the motor system
is engaged in language comprehension, but whether the statistical information reported in these

neurostimulation studies corresponds with the expectations of a reliable literature or not (Simonsohn
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et al., 2014). Robust and replicable evidence is a prerequisite for concluding in favor or against any
scientific theory, and here we are showing that the brain stimulation evidence published to date is not
reliable enough. We thereby recommend caution before drawing any conclusion regarding the role of

the motor system in language comprehension from these studies.

It is also worth noting that present results not only are in line with SS22, but also align with a growing
number of studies, including preregistered and well-powered replication attempts (Montero-Melis et
al., 2022; Morey et al., 2022), reanalyses of previously published work (Papesh, 2015; Witt et al., 2020),
as well as other meta-analytic works (Winter et al., 2022), raising concern about key findings for the
embodied view of language processing. Accordingly, we believe that future studies on this topic should
urgently adopt practices such as conducting well-powered studies (e.g., Lakens, 2022b), replicating
previous findings (e.g., Zwaan et al., 2018), and implementing preregistrations (e.g., Hardwicke &
Wagenmakers, 2023) to generate valuable and interpretable findings on the embodied nature of

language (see SS22 for a more detailed discussion; see also Solana, 2023).

Two are the main limitations of the present study. The first one relates to the number of values entered
in the analysis. In their simulations, Schimmack and colleagues (Bartos & Schimmack, 2022; Brunner &
Schimmack, 2020) employed k = 100 values and larger. In the present work, we used k = 38 for the main
analysis and k = 40 for the robustness analysis. The second limitation is that an important percentage
of the initially selected contrasts could not be finally included in the analyses since they were not
reported or reported incompletely (impeding their recalculation), and the authors of the respective
papers could not or did not provide them when requested. Both limitations might affect the numerical
estimations reported in the present study. We cannot estimate their influence on our results, but we
believe that they do not critically affect our main conclusions, as the differences between the EDRs and
the ODRs are clearly evident, and they seem to be robust across the different analyses that we
performed, even when we manually included non-significant results that could not be recalculated.
Nonetheless, readers should keep in mind that the number of contrasts included in the present study
depends on (1) the number studies available when we conducted the literature search, (2) the quality
of the reporting of the statistical information in them, and (3) the availability of the data from the
original authors. Future meta-analytic studies within this literature will no doubt benefit from the
publication of more studies, as well as better reporting practices and the implementation of open

practices such as data sharing.

In conclusion, with an unacceptably low estimated power (= 20%) and clear signs of a large publication
bias, the present reanalysis reaffirms the conclusion of our previous paper (Solana & Santiago, 2022):

motor cortex stimulation studies of embodied language comprehension do not stand on solid ground.
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We recommend taking their findings with caution and implementing more robust and transparent

practices in future studies.
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