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Abstract

In the present paper we demonstrate the application of methods for cumulative
evidence synthesis including Bayesian meta-analysis, and exploration of ques-
tionable research practices such as publication bias or p-hacking, in the sport
and exercise sciences for the evaluation of experimental interventions. The
use of such methods can aid in study planning and avoid “research waste”. In
demonstrating and discussing these methods we use the example of self-talk
interventions and their effects upon sport/motor performance given a quan-
titative evidence synthesis has not been conducted on this topic, to the best
of our knowledge, since 2011 when Hatzigeorgiadis et al. (2011) conducted
their systematic review and meta-analysis. As such, this topic is ripe to use in
demonstrating cumulative methods such as Bayesian updating. Therefore, our
aim was to conduct an updated systematic review and Bayesian meta-analysis
replicating the search, inclusion, and models of Hatzigeorgiadis et al. (2011)
and demonstrate the application of cumulative evidence synthesis methods
including; consideration of the initial probability that a new study of the effects
of self-talk interventions would shift our prior belief in their effectiveness, the
application of priors taken from the previous meta-analysis to be updated by
new studies identified to a new posterior estimate of effect, and consideration of
other possible sources of research waste from questionable research practices
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such as publication bias and p-hacking. Such methods as those demonstrated
here, when used prospectively, can aid researchers in determining whether
further research of a particular experimental intervention is in fact warranted.
Considering the limited resources and time for conducting research we hope that
highlighting the application of these methods might help researchers in the field
to avoid research waste and more productively direct their research efforts.

Keywords: psychological intervention; cumulative evidence synthesis; research
waste

Introduction

Cumulative evidence synthesis

Two questions that should be asked (though arguably are not asked often enough particularly
in sport and and exercise science) by researchers when planning a study of an experimental in-
tervention is “what is the likelihood that the experimental intervention is superior to the control
intervention given the evidence accumulated so far?”, and “what is the likelihood that a new
trial, given some design parameters and previous evidence, will demonstrate the superiority of
the experimental intervention?”. The key here is to consider the cumulative nature of evidence
provided by research and its synthesis. Indeed, to not do this could lead to redundancy or so
called “research waste”. Evidence synthesis methods are essential to determining whether or
not there is justification for further research on a given topic, and the Cochrane-Collaboration
and REWARD (Reduce Research Waste and Reward Diligence) Alliance have even established
an award for efforts in the area of reducing “research waste” (Glasziou & Chalmers, 2018).
However, across many domains there remains a high prevalence of redundancy and a low
prevalence of attempts to minimise or reduce it (Lund et al., 2022).

Cumulative meta-analyses were proposed in the early 1990s and have since then been pro-
moted as key tools to understand whether or not additional research is a worthwhile use of
resources for addressing a particular question regarding experimental intervention (Clarke et
al., 2014; Grainger et al., 2020). Further, Bayesian approaches are well positioned to tackle
this (Biau et al., 2017). Within Bayesian statistical inference a prior probability distribution
regarding the effect of interest is updated after the introduction of new evidence to a posterior
probability distribution given Bayes theorem.

The trustworthiness of prior data should also be considered in evidence synthesis. Meta-
analyses rely on the assumption that the sample of studies included is not based on a biased
selection procedure either on the part of the systematic reviewer(s) or with regards to the stud-
ies present in the literature to sample from. For the latter, publication bias and p-hacking are
the two most common phenomena that violate this assumption and can substantially influence
cumulative evidence (Friese & Frankenbach, 2020). Publication bias is typically explored using
methods such as selection models based on significance thresholds for p-values (McShane et
al., 2016), funnel plot based regression methods (Stanley & Doucouliagos, 2014), or methods
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which combine these approaches and leverage the uncertainty in the underlying true data gen-
erating process such as robust Bayesian meta-analysis (RoBMA) with model averaging (Bartoš
et al., 2022, 2023). For p-hacking, mixture models have recently been proposed (Moss & De
Bin, 2023). The existence of evidence suggesting prior questionable research practices such as
publication bias or p-hacking in previous literature might be cause for an evaluation of whether
a research program regarding an experimental intervention is worth building upon, or starting
afresh to determine if there really is an intervention effect whilst incorporating safe-guards for
such issues e.g., pre-registration/registered-reports (Chambers & Tzavella, 2022).

In the present paper we demonstrate the application of methods for cumulative evidence
synthesis including Bayesian meta-analysis, and exploration of questionable research practices
such as publication bias or p-hacking, in the sport and exercise sciences for the evaluation
of experimental interventions. We assume some prior knowledge of evidence synthesis and
meta-analytic methods on the part of the reader, though for those unfamiliar suggest some
recent introductory papers regarding their application in the field (Gunnell et al., 2020; M.
Hagger, 2022; Steele et al., 2023). We use the example of self-talk interventions and their
effects upon sport/motor performance given a quantitative evidence synthesis has not been
conducted on this topic, to the best of our knowledge, since 2011 when Hatzigeorgiadis et
al. (2011) conducted their systematic review and meta-analysis. As such, it is a ripe topic to
use in demonstrating cumulative methods such as Bayesian updating. Note, we do not intend
to present this paper as a comprehensive systematic review and meta-analysis of self-talk
interventions in sport/motor performance nor a thorough theoretical review of the construct.
We do however present a brief overview of the topic below for context of this as an example.

Self-talk interventions

Sport psychology as a broad field has focused on the theorising of psychological constructs
that might impact upon performance, and the subsequent experimental testing of theoreti-
cally informed interventions to address these constructs and subsequent performance. For
example, a recent umbrella review identified thirty meta-analyses exploring the effects of dif-
ferent sport psychology constructs upon performance, thirteen of them examining the effects
of interventions, finding an overall standardised mean difference (SMD) for positive constructs
of 0.51 [95% confidence interval: 0.42, 0.58] (Lochbaum et al., 2022). One construct with
a long history of philosophical, theoretical, and empirical work that has been the target of
considerable investigation in this field has been self-talk (Brinthaupt & Morin, 2023; Geurts,
2018; Latinjak et al., 2023).

As a concept self-talk has been defined in various ways in previous work on the topic; though
recent transdisciplinary review (Latinjak et al., 2023) has agreed upon a broad conceptualisa-
tion: “verbalizations addressed to the self, overtly or covertly, characterized by interpretative
elements associated to their content; and it [self-talk] either (a) reflects dynamic interplays be-
tween organic, spontaneous and goal-directed cognitive processes or (b) conveys messages to
activate responses through the use of predetermined cues developed strategically, to achieve
performance-related outcomes” (Latinjak et al., 2019). Whilst there has been various narra-
tive syntheses of research on self-talk in the past decade (Hardy et al., 2018; Latinjak et al.,
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2023; Van Raalte et al., 2016), only one systematic review and meta-analysis has explored
the effects of self-talk interventions; Hatzigeorgiadis et al. (2011).

The meta-analysis by Hatzigeorgiadis et al. (2011) included a total of 32 studies and 62 effect
size estimates revealing an overall SMD estimate of 0.48 [95% confidence interval: 0.38, 0.58]
and also explored the effects of various theoretically driven moderators of the effectiveness
of self-talk interventions. For example; characteristics of the tasks performed such as their
novelty and whether they are fine or gross motor task, characteristics of the participants such
as their level of experience with the task, the characteristics of the self-talk used including
its content, whether it was self-selected or assigned, and whether it was used overtly or not,
characteristics of the intervention and whether it included brief exposure or a training period,
and testing the ‘matching hypothesis’ which posits that instructional self-talk should benefit
fine tasks whereas motivational self-talk should benefit gross tasks to a greater degree.

Around the time that Hatzigeorgiadis et al. conducted their meta-analysis the quantitative
synthesis of research findings using meta-analytic tools was still relatively new in the sport
sciences (Hagger, 2006). However in the last decade, particularly in sport psychology, there
has been an increasing reliance on meta-analyses (M. Hagger, 2022; Lochbaum et al., 2022).
Despite the general proliferation of meta-analyses in the past decade, the effect of self-talk
interventions has not been re-evaluated by means of such quantitative synthesis since 2011,
when Hatzigeorgiadis et al. (2011) completed their work. During this period though, empirical
research regarding self-talk interventions for sport and motor performance has burgeoned
leading some to reflect on the field as “maturing” post-2011 (Hardy et al., 2018).

Whilst self-talk as a field may have matured in the post-2011 years with theoretical advance-
ments in conceptualisation of the construct and proposed mediators of its effects on perfor-
mance, efforts to improve operationalisation, and efforts to improve methodology used in
studying self-talk (Brinthaupt & Morin, 2023; Geurts, 2018; Hardy et al., 2018; Latinjak et al.,
2019; Latinjak et al., 2023; Van Raalte et al., 2016, 2019), it could be argued that understand-
ing of the effectiveness of self-talk interventions (referred to in modern literature as ‘strategic’
self-talk; Latinjak et al. (2019)) was “mature” prior to 2011. The effect estimate from the
meta-analysis of Hatzigeorgiadis et al. (2011) might be considered by some to have been
already fairly precise only spanning 0.2 SMD, and also for many of the moderator estimates.
Indeed, some authors had moved onto to attempting to explain why self-talk interventions are
effective, exploring possible mechanisms with the starting assumption that these interventions
had been proven as effective for enhancing performance (Galanis et al., 2016).

Despite this, many additional studies on self-talk interventions have been conducted since
2011. It may well be that such recent work has further improved our estimates of the effects
of self-talk interventions and what moderates their effectiveness, or indeed contributed to
other areas of understanding of the construct of self-talk. But, it is a reasonable question to
ask, given the limited time and resource for conducting research in the field of sport science
and what we might claim to have already known regarding these interventions, whether and to
what extent these studies have advanced our understanding of their effects, or whether they
have largely contributed to so called “research waste” (Glasziou & Chalmers, 2018; Grainger
et al., 2020).
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Aim of the present work

The aim of this present work is to demonstrate the application of methods for cumulative ev-
idence synthesis including Bayesian meta-analysis, and exploration of questionable research
practices such as publication bias or p-hacking, in the sport and exercise sciences for the
evaluation of experimental interventions. Given that there has not been, to the best of our
knowledge, a meta-analytic synthesis of the effects of self-talk interventions effects upon
sport/motor performance since Hatzigeorgiadis et al. (2011) it represents a ripe topic to
utilise as an example for these methods. Therefore, our aim was to conduct an updated sys-
tematic review and Bayesian meta-analysis replicating the search, inclusion, and models of
Hatzigeorgiadis et al. (2011) in order to demonstrate the application of cumulative evidence
synthesis methods including; consideration of the initial probability that a new study of the ef-
fects of self-talk interventions would shift our prior belief in their effectiveness, the application
of priors taken from the previous meta-analysis to be updated by new studies identified to a
new posterior estimate of effect, and consideration of other sources of research waste from
questionable research practices such as possible publication bias and p-hacking.

Method

The method for this systematic review and meta-analysis was replicated with slight adaptation
from Hatzigeorgiadis et al. (2011). We limited our searches to the date range of November
2011 to November 2023 to avoid double counting as we used the estimates from Hatzigeor-
giadis et al. (2011) as informative priors in our meta-analyses which contain the information
from studies prior to November 2011.

Criteria for including studies

Hatzigeorgiadis et al. (2011) did not explicitly state a process or strategy to formulating their
research question and search methods. However, we assumed that the PICO (Participants,
Intervention, Comparator and Outcome) framework was implicitly used and, with that assump-
tion, we adopted the following inclusion criteria based on their description. Participants were
healthy and of any performance level. The intervention was instruction to engage in positive
self-talk1. The comparator was no self-talk or unrelated self-talk. Outcomes were sport or mo-
tor task performance. We included both between and within group experimental designs with
either pre-post, or post-only measurements of performance as well as within group pre-post
trials similarly to Hatzigeorgiadis et al. (2011).

1Hatzigeorgiadis et al. (2011) stated: “As our purpose was to test the effectiveness of interventions aiming to
improve performance, groups or conditions using negative … or inappropriate self-talk … were excluded. In addition,
groups or conditions using assisted self-talk … were also excluded as assisted self-talk involves the use of external
aids, such as headphones, and was not considered pure self-talk intervention.”
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Search strategy

Studies were obtained through electronic journal searches and review articles along with per-
sonal records and communication. The following databases – Sport Discus, PsycINFO, PsycAR-
TICLES and Medline – were selected through the EBSCO database to search for the keywords.
The SCOPUS database, used by Hatzigeorgiadis et al. (2011), was not used as it was not
accessible through Solent University2. These keywords were searched in the format of, with
the application of the Boolean commands, (self-talk OR self-instruction OR self-statements OR
self-verbalizations OR verbal cues OR stimulus cueing OR thought content instructions) AND
(sport OR performance OR motor performance OR task performance). The studies were all
peer-reviewed, full text and published in English language journals. The search was limited to
the date range of November 2011-November 2023. An initial search took place from October
2022-November 2022 as this project was completed as part of the lead authors undergraduate
thesis. We subsequently updated the search from November 2022-November 2023 prior to
initially preparing this manuscript for publication.

Data extraction

The data extracted from the studies were for all positive self-talk intervention groups/conditions
and for control comparison designs for the relevant comparator group/condition. Pre and/or
post intervention and comparator, means, sample sizes and either standard deviation,
standard errors, variances or confidence intervals were extracted in order to calculate the
effect sizes. Also, in order to update the moderator analyses conducted by Hatzigeorgiadis
et al. (2011) we also coded each effect size for motor demands (fine or gross), participant
group (non-athletes3 vs beginner athletes vs experienced athletes), self-talk content4 (moti-
vational vs instructional), the combination of motor demands and self-talk content to examine
the matching hypothesis (motivational/gross vs motivational/fine vs instructional/gross vs
instructional/fine), the task novelty (novel vs learned), cue selection and overtness selection
(self-selected vs assigned), if the study was acute or involved a chronic training intervention
(no-training vs training), and the study design5 (pre/post - experimental/control vs pre/post
- experimental vs post - experimental/control). The data extracted was imported into a
spreadsheet in excel as a csv.

2Though we feel fairly confident, given the number of studies identified and the findings of our models reported
below, that any missed studies would be unlikely to qualitatively impact the overall findings and conclusions of this
work. We should also note that we originally intended to report a PRISMA flow diagram of our search and retrieval
process. However, for transparency, we encountered an issue where we realised that some of the searches we had
conducted were not correctly recorded by the tool being used to manage the process. We were, despite attempting to
do so after realising this, unable to exactly replicate the searches (number of hits from initial search string in databases
used) at the time we realised from attempting to reproduce the searches again. As such, we do not present a PRISMA
diagram though as noted we do feel fairly confident we have not missed any key studies nor that minor omissions
would affect the overall results of our analyses anyway. Further, as noted we have chosen this as an example to
demonstrate the methods moreso than to conduct a comprehensive systematic review of the topic.

3Hatzigeorgiadis et al. (2011) referred to their non-athlete group as “students” presumably because in all studies
they included it was the case that all non-athletes were from student populations. As this was not necessarily the
case for studies included in our updated analyses we refer to them as “non-athletes”.

4Some studies we included in our updated analysis used combined instructional and motivational, and also other
forms of self-talk content e.g., rational. We coded these new categories also.

5Hatzigeorgiadis et al. (2011) included studies with multiple baseline measures but we did not identify any studies
meeting this design in our updated analysis.
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Statistical analysis

All code utilised for data preparation and analyses are available in either the Open Science
Framework page for this project https://osf.io/dqwh5/ or the corresponding GitHub repository
https://github.com/jamessteeleii/self_talk_meta_analysis_update. We cite all software and
packages used in the analysis pipeline using the grateful package (Rodriguez-Sanchez et al.,
2023) which can be seen here: https://osf.io/ftajc.

Examining the effects of a new trial upon belief in the effects of self-talk interven-
tions

To begin with we examined through simulation what impact a single new trial might have had
upon shifting belief in the prior estimate yielded by the meta-analysis of Hatzigeorgiadis et
al. (2011). Sample size was simulated as 10, 20, 40, 80, 160, 320, 640, 1282, 2560, and
51206 with a 50:50 allocation to either self-talk intervention or control conditions, and we
varied the sample effect size as an SMD of 0, 0.2, 0.4, 0.6, 0.8, and 1.0 reflecting a range
from no effect of self-talk interventions to a large effect. In each combination of sample size
and true effect size we set the sample parameters to the SMD and its corresponding sampling
variance was calculated and then included as a single observation in a Bayesian random effects
meta-analysis where the priors was set informatively for the intervention effects, and were set
to be default weakly regularising for the heterogeneity (i.e., 𝜏)7. Intervention effects were set
with priors based on the effect estimates from Hatzigeorgiadis et al. (2011), reported in their
Table 1, using a 𝑡-distribution (𝑡(𝑘, 𝜇, 𝜎)) with 𝑘 −2 degrees of freedom (Higgins et al., 2009).
We assumed 𝑘 to be the number of effects included in the models reported by Hatzigeorgiadis
et al. (2011). The prior for the intervention effect was set directly on the model intercept i.e.,
𝑡(60, 0.48, 0.05). The prior for heterogeneity was set as the default weakly regularising prior
in brms; a half-𝑡-distribution with 𝜇 = 0, 𝜎 = 2.5, and 𝑘 = 3. This constrained the prior to
only allow positively signed values for 𝜏 though over a wide range of possible values. We fit
each model using four Monte Carlo Markov Chains each with 2000 warmup and 6000 sampling
iterations.

From each model we obtained draws from the posterior distributions for the intervention effects
(i.e., the expectation of the value of the parameters posterior probability distribution) in order
to present probability density functions visually. The same was done drawing samples from the
prior distributions only in order to present both distributions visually for comparison of the prior
to posterior updating. As a means of examining the extent to which the posterior distribution
for the self-talk intervention effect estimate was shifted from the prior distribution as a result
of introducing each new trial we calculated the proportion of the full posterior distribution
within the 95% quantile interval of the prior distribution i.e., the range from 2.5% to 97.5%

6Sample sizes were doubled up to roughly a similar sample size as the largest study post-2011 that we identified
in our updated searches (Lane et al., 2016).

7Though Hatzigeorgiadis et al. (2011) report on 𝜏 it is not clear what level this applies to (and as noted it is not
clear if they employed a hierachical model) and they do not report any interval estimate for this making it difficult
to specify an informative prior distribution. As such, and given suggestions regarding heterogeneity priors (Röver et
al., 2021; Williams et al., 2018), we opted for a weakly regularising distribution at all levels including the updated
multilevel meta-analysis described further in these methods and in the random effects meta-analysis used in these
simulations.
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percentiles (equivalent to the 95% confidence interval of the estimate from Hatzigeorgiadis et
al. (2011)), using the a Region of Practical Equivalence approach (Kruschke & Liddell, 2018).
In essence, where the proportion of the posterior distribution that was within the 95% quantile
interval from the prior distribution was ~95% then we would conclude that the new trial had
little impact on shifting our prior belief in the intervention effect. This helps understand whether
it might be worthwhile to conduct the kind of study that would need to be conducted in terms
of sample size, and assuming what the true effect might be, or whether doing so might be a
waste of resources given the precision of existing estimates of the intervention effect.

Updating the prior estimate from Hatzigeorgiadis et al. (2011) with newer studies

For all the groups/conditions in studies identified in our updated searches effect sizes were
calculated as SMDs dependent on the design of the study. Firstly, all were signed such that
a positive effect indicated that the self-talk intervention was favoured. For studies utilising a
pretest-posttest-control comparison design we calculated the SMD between groups/conditions
using the pooled pre-test standard deviation as per Morris (2008). For post-test only con-
trol comparison designs we calculated the SMD between groups/conditions based upon the
pooled post-test standard deviation. Lastly, for single arm within group pre-post (or control-
intervention) designs we calculated the SMD from pre- to post-intervention using the pre-test
standard deviation.

Though it was not entirely clear from the reporting in the meta-analysis of Hatzigeorgiadis et al.
(2011), they noted including a greater number of effect sizes than individual studies. As such, it
was likely that their data had a hierarchical structure with effects nested within studies whether
they explicitly applied a hierarchical model to it or not. The studies we identified and included
also had hierarchical structure whereby we had effects nested within groups (for example when
there were multiple self-talk interventions examined) nested within experiments (for example
when a study reported on multiple experiments using different samples and/or designs) nested
within studies. As such, we used multilevel mixed effects meta-analyses with nested random
intercepts for effects, groups, experiments, and studies. Effects were all weighted by the
inverse sampling variance. A main model was produced which included all effects and was
intended to update the overall model from Hatzigeorgiadis et al. (2011), whereby their overall
estimate reflected the fixed model intercept. In addition, we produced models for each of the
aforementioned categorical moderators where we excluded the model intercept in order to
set priors for each category directly based on the estimates and their precision reported (see
footnote7) by Hatzigeorgiadis et al. (2011).

Priors for each model were again set informatively for the intervention effects, and were set
to be weakly regularising for the heterogeneity (i.e., 𝜏) at all levels of the model. Intervention
effects were set with priors based on the effect estimates from Hatzigeorgiadis et al. (2011),
reported in their Table 1, using a 𝑡-distribution (𝑡(𝑘, 𝜇, 𝜎)) with 𝑘 − 2 degrees of freedom
(Higgins et al., 2009). We assumed 𝑘 to be the number of effects included in the models
reported by Hatzigeorgiadis et al. (2011). For the main model the prior for the intervention
effect was set directly on the model intercept i.e., 𝑡(60, 0.48, 0.05). For the moderator models,
as noted, we removed the model intercept allowing us to set the priors directly on each category
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for each moderator based on the estimates from Hatzigeorgiadis et al. (2011) Table 1. In
cases where moderators had new categories introduced in the newer studies, included in our
analyses, we used 𝜇 = 0.48 and 𝜎 = 0.05 taken from the overall estimate of Hatzigeorgiadis
et al. (2011) and applied degrees of freedom 𝑘 = 3 to be more conservative and allow greater
mass in the tails of the prior distribution for these categories. In all models the heterogeneity
priors at each level were set using the default weakly regularising prior in brms; a half-𝑡-
distribution with 𝜇 = 0, 𝜎 = 2.5, and 𝑘 = 3. This constrained the prior to only allow
positively signed values for 𝜏 though over a wide range of possible values.
As we were interested in determining how much the new evidence produced since Hatzigeor-
giadis et al. (2011) had updated our belief in the effects of self-talk interventions, we fit each
model using four Monte Carlo Markov Chains each with 4000 warmup and 40000 sampling iter-
ations. This was in order to obtain precise Bayes Factors using the Savage-Dickey ratio (Gronau
et al., 2020). Trace plots were produced along with 𝑅̂ values to examine whether chains had
converged, and posterior predictive checks for each model were also examined to understand
the model implied distributions. These all showed good convergence with all 𝑅̂ values close
to 1 and posterior predictive checks seemed appropriate distributions for the observed data
(all diagnostic plots can be seen in the supplementary materials: https://osf.io/ag6re).

From each model we obtained draws from the posterior distributions for the intervention effects
(i.e., the expectation of the value of the parameters posterior probability distribution) in order
to present probability density functions visually, and also to calculate mean and 95% quantile
intervals (i.e., ‘credible’ or ‘compatibility’ intervals) for each estimate. These gave us the most
probable value of the parameter in addition to the range from 2.5% to 97.5% percentiles. The
same was done drawing samples from the prior distributions only in order to present both
distributions visually for comparison of the prior to posterior updating. For the main model
draws were taken at the study level and an ordered forest plot produced showing each studies
posterior distribution along with mean and 95% quantile intervals. We also calculated the
95% prediction intervals providing the range over which we can expect 95% of future effect
estimates to fall and present each individual effect size on the forest plot.

To compliment the visual inspection of prior to posterior updating we also present log10 Bayes
Factors (log10[BF]) calculated against 100 effects ranging from a SMD of 0 through to 1 and
plot these log10(BF) curves for each model intervention effect estimate i.e., the Savage-Dickey
ratio was calculated for each of 100 point effects in the interval (0,1) equally spaced. These
were compared to Jeffreys (1998) scale regarding evidence against (i.e., 0 to 0.5 = weak
evidence; 0.5 to 1 = substantial evidence; 1 to 1.5 = strong evidence; 1.5 to 2 = very strong
evidence; 2 or greater = decisive evidence). Thus, a positive log10(BF) value indicated that,
compared to the prior distribution (meaning the estimates of Hatzigeorgiadis et al. (2011)),
there was now greater evidence against the SMD for which the log10(BF) was calculated. A
loess smooth was then applied to these 100 values for visual presentation.

Lastly, as a supplemental analysis, we produced cumulative versions of our main model over
each year since the publication of the meta-analysis from Hatzigeorgiadis et al. (2011). The
first model started with the prior distribution noted above for our main model and only in-
cluded effects from studies reported in 2011. Then we took the posterior distribution for the
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intervention effect from this model and used it as the prior for the next model which only
included effects from studies reported in 2012. This was continued through each year up to
the latest included studies. We then plotted the cumulative updating of the intervention effect
based on the addition of each years newly reported studies. Note, for each of these models
we employed four Monte Carlo Markov Chains each with 2000 warmup and 6000 sampling
iterations given the focus was on presenting the updated estimates and to reduce the time
required for cumulative models to be fit.

Examining the quality of the evidence and potential questionable research practices

Both simulating the impact of a new trial to determine if it is worth performing, or updating a
prior meta-analysis estimate with new evidence from subsequent trials, entail the assumption
that the previous estimate is not biased by questionable research practices such as publication
bias or p-hacking (Friese & Frankenbach, 2020). The latter (i.e., updating a prior estimate)
also relies on the assumption that the subsequent evidence to be included is also not biased
by such influences. Hatzigeorgiadis et al. (2011) did employ the fail-safe N approach which
determines the number of unpublished null studies that would reduce the meta-analytic ef-
fect estimate non-significant and concluded that publication bias was unlikely (𝐾0 = 102).
However, fail-safe N, whilst previously widely used in meta-analyses around the time (Heene,
2010), was known to be flawed and other methods such as funnel plot based regression tech-
niques instead recommended (Becker, 2005). Given this project was deliberately initiated as
part of an undergraduate thesis with the intention of limiting the systematic review component
to post 2011 due to time constraints and conduct an updated Bayesian meta-analysis, and that
the purpose of the present manuscript is to demonstrate various cumulative evidence synthe-
sis methods using the self-talk literature as an example, we did not ourselves acquire the data
for studies from Hatzigeorgiadis et al. (2011) to enable us to examine the possible presence
of questionable research practices that might impact the prior estimate8. Instead we limit
our examination to the subsequent post-2011 literature and make the reasonable assumption
that, given the current replication crisis and subsequent methodological reform efforts kicked
off proper in the early 2010s (Lakens, 2023), the presence of questionable research practices
was likely as bad if not worse in the literature included in Hatzigeorgiadis et al. (2011).

Examining the presence of questionable research practices such as publication bias and p-
hacking in the presence of data with a hierarchical structure such as we have in the present
example is not simple. The methods noted in the introduction have primarily been developed
for cases of fixed or random effects meta-analyses were each study contributes only a sin-
gle effect in the model. However, some approaches have been extended to the hierarchical
case such as funnel plot based regression methods (Rodgers & Pustejovsky, 2021) and robust
Bayesian meta-analysis (RoBMA) with model averaging (Bartoš et al., 2023). However the lat-
ter, and in particular the selection methods incorporated, are very computationally intensive
making them in most regards practically unfeasible.

8We did however contact Hatzigeorgiadis et al. (2011) to ask if they could share the extracted data, given it was
not openly available, so we could examine this. We received a responde and are awaiting confirmation as to whether
they have the data available still and can share it with us to examine. This manuscript will be updated with this if we
do receive the extracted data from pre-2011 studies.
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As such, we utilised the multilevel precision-effect test (PET) and precision-effect estimate
with standard errors (PEESE) to estimate the adjusted effect size accounting for small study
effects such as publication bias (Rodgers & Pustejovsky, 2021). The PET-PEESE respectively
model a linear and quadratic relationship between standard error and effect size, the latter
assuming that studies with very small standard errors, and thus large samples, are likely to
be reported regardless of results whereas small studies with large standard errors required
increasingly larger effects to be selected for publication. This approach is a conditional two-step
estimator of the two models whereby if the test of the adjusted effect size with an 𝛼 = 0.10
(for model selection only) is not significant (i.e., 𝑝 > 𝛼) then PET is reported whereas if it is
significant (i.e., 𝑝 < 𝛼) then PEESE is reported. The adjusted estimate was compared to the
estimate generated from a multilevel meta-analysis model of the included studies. Note, the
adjusted PET-PEESE estimate of the intervention effects and the comparative estimate from
the multilevel meta-analysis model where both conducted using frequentist models.

In addition to this we also examined both the random effects mixture model for p-hacking
(Moss & De Bin, 2023) and RoBMA (Bartoš et al., 2023) (both with, and without, the inclusion
of an informative prior9 on the intervention effect from Hatzigeorgiadis et al. (2011), yet with
default priors for all other parameters) though ignored the hierarchical structure to the data
as these models respectively have not been extended to the multilevel case or are too compu-
tationally intractable at present. The random effects mixture model for for p-hacking provides
an adjusted estimate of the intervention effect under the assumption that questionable re-
search practices such as excluding observations, collecting new data ex-post, or selectively
including covariates has occurred to produce a one-sided 𝛼 ≤ 0.05 (to reflect the fact that
typically it is effects in a particular direction that are of interest) or 𝛼 ≤ 0.025 to account for
reporting of two-sided tests. The adjusted estimate assuming the presence of p-hacking was
then compared to a classical random effects model estimate. Both the p-hacking and classical
models were fit using Bayesian estimation. The RoBMA fits a total of 36 different models with
varying assumptions regarding the true data generating process underlying the included stud-
ies/effects and thus reflecting our uncertainty in it: selection models for publication varying
sidedness of the tests (one- or two-sided) and the specific p-value cutoffs used (combinations
of 0.025, 0.05, 0.10, and 0.50), the PET-PEESE regression based models, models assuming
there is/is not an intervention effect, models assuming there is/is not heterogeneity, and mod-
els assuming there is/is not publication bias. These models are then combined using Bayesian
model-averaging and weighted based on how well the model fit the data. Bayes Factors were
then calculated to examine the evidence in favour of there being an effect, the presence of
heterogeneity, and publication bias. Bayes factors were interpreted according to Lee and Wa-
genmakers (2014) adaptation of Jeffreys (1998) scale where between 1 and 3 (between 1
and 1/3) are regarded as anecdotal evidence, Bayes factors between 3 and 10 (between 1/3
and 1/10) are regarded as moderate evidence, and Bayes factors larger than 10 (smaller than

9Note that for the mixture model of p-hacking the publipha package used does not allow for specification of a
prior based upon the 𝑡 distribution for that function. As such, instead of the 𝑡(60, 0.48, 0.05) prior taken from
Hatzigeorgiadis et al. (2011) for these models we used a normal prior with the same location and scale parameters.
Given the the 𝑡 distribution approaches the normal distribution with high degrees of freedom, and the prior for other
models had a high number of degrees of freedom (i.e., 𝑘 = 60), the choice of a normal distribution here very closely
approximates the 𝑡 distribution based prior anyway and if anything is conservative in examining an adjusted estimate
for p-hacking.
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1/10) are regarded as strong evidence in favor of (against) a hypothesis.

Results

Since Hatzigeorgiadis et al. (2011) meta-analysis the number of studies conducted examining
the effects of self-talk interventions on sport/motor performance has roughly doubled. We
identified 35 new studies published from November 2011 up to November 2023 (Abdoli et
al., 2018; Barwood et al., 2015; Beneka et al., 2013; Blanchfield et al., 2014; Cabral et al.,
2023; Chang et al., 2014; de Matos et al., 2021; Galanis et al., 2018; Galanis, Hatzigeor-
giadis, Charachousi, et al., 2022; Galanis, Hatzigeorgiadis, Comoutos, et al., 2022; Galanis
et al., 2023; Gregersen et al., 2017; Hatzigeorgiadis et al., 2014, 2018; Hong et al., 2020;
Kolovelonis et al., 2011; Lane et al., 2016; Latinjak et al., 2011; Liu et al., 2022; Marshall et
al., 2016; McCormick et al., 2018; Naderirad et al., 2023; Osman et al., 2022; Panteli et al.,
2013; Raalte, Cornelius, et al., 2018; Raalte, Wilson, et al., 2018; Sarig et al., 2023; Turner et
al., 2018; Wallace et al., 2017; Walter et al., 2019; Weinberg et al., 2012; Young et al., 2023;
Zetou et al., 2014; Zourbanos et al., 2013a, 2013b). These included 128 effects nested in 64
groups nested in 42 experiments. The included studies contained a total of 18761 participants
(see Table 1). We included all but one study (Marshall et al., 2016), due to the sample size for
groups in this study being too small to calculate SMDs (i.e., n = 2 to 3), in our analyses.

Table 1: Sample sizes for self-talk intervention and non-intervention control groups.

Group Sample Size

Self-talk
All ST 14895
Minumum ST 2
Median ST 17
Maximum ST 3442

Control
All CON 3866
Minumum CON 2
Median CON 18
Maximum CON 3442

Note:
ST = self-talk
CON = non-intervention control

Examining the effects of a new trial upon belief in the effects of self-
talk interventions

Given the precision of the prior distribution taken from Hatzigeorgiadis et al. (2011) it is highly
unlikely that any further study would have shifted belief in the effect estimate. As can be seen
in Figure 1, irrespective of the sample size or magnitude of effect and the extent to which it
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disagreed with the prior estimate, no single new study could shift the posterior distribution
to an extent that it didn’t still have ~95% of its mass within the 95% quantile interval of
the prior distribution. As such, if we were to take the prior estimate from Hatzigeorgiadis et
al. (2011) at face value in the process of deciding whether to conduct a new study of self-
talk interventions, at least with respect to their main effects on sport/motor performance, we
should likely conclude that it would be a waste of resources given the precision of this existing
estimate of the intervention effect. Of course, this only considers the addition of a single study
and as noted since 2011 the number of studies examining self-talk interventions has roughly
doubled. As such, it is worth considering the extent to which this volume of additional evidence
might have updated belief in the estimate of their effects.
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Examining the effects of a single new trial varying the true effect size and sample size

Figure 1: Prior and posterior distributions after the addition of a single new study yielding a single new effect varying in magnitude
of standardised mean difference (null through to SMD=1 favouring self-talk interventions) and varying sample size of the new study
(from n=10 to 5120).

Updating the prior estimate from Hatzigeorgiadis et al. (2011) with
newer studies

Main model

The overall mean and interval estimate for the SMD for self-talk interventions was 0.47 [95%
quantile interval: 0.39, 0.56]. This was very similar to the estimate of overall effect in Hatzi-
georgiadis et al. (2011) of 0.48 [95% confidence interval: 0.38, 0.58]. Heterogeneity (𝜏) at
the study level was also similar to that reported by Hatzigeorgiadis et al. (2011), though as
noted it is not clear what level theirs pertained to exactly. At the study level 𝜏 = 0.35 [95%
quantile interval: 0.11, 0.54], at the experiment level 𝜏 = 0.14 [95% quantile interval: 0.01,
0.39], at the group level 𝜏 = 0.05 [95% quantile interval: 0, 0.12], and at the effect level
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𝜏 = 0.1 [95% quantile interval: 0.03, 0.18]. An ordered forest plot of study level estimates
is shown in Figure 2 panel (A), and the posterior pooled estimate for the overall SMD effect
compared with the prior is shown in panel (B).

Considering the log10(BF) values calculated against the range of SMD effect sizes from 0 to
1 compared to Jeffreys scale (see Figure 2 panel [C]), the newly added evidence suggested
that there was only “decisive” evidence updating the prior against effect sizes ranging from 0
to 0.08 and from 0.95 to 1. “Very strong” evidence was indicated against effect sizes ranging
from 0.09 to 0.15 and from 0.84 to 0.94. “Strong” evidence was indicated against effect sizes
ranging from 0.16 to 0.22 and from 0.72 to 0.83. “Substantial” evidence was indicated against
effect sizes ranging from 0.23 to 0.3 and from 0.6 to 0.71. “Weak” or “negative” evidence
was indicated against effect sizes ranging from 0.31 to 0.59. This suggested that the newly
acquired evidence generally decreased our belief only in effect sizes that would likely already
have been ruled out by the analysis of Hatzigeorgiadis et al. (2011). The supplementary
cumulative models further supported this. They showed little change in either point or interval
estimates for the SMD from year to year as a result of new studies during the period of
November 2011 to November 2023 (see https://osf.io/9qrh5).

Moderators

For most of the moderators explored there was similarly little impact upon posterior estimates
for the SMD from the introduction of new evidence accumulated since the analysis of Hatzi-
georgiadis et al. (2011). Figure 3 shows each of the prior and posterior distributions for
the moderators estimates and the log10(BF) results for each are available in the supplemen-
tary materials (see ‘plots’ folder https://osf.io/dqwh5/). Where there were more substantial
changes from prior to posterior these typically revealed a shift in the magnitude of SMD es-
timate towards the overall pooled estimate from the main model e.g., for fine tasks in the
motor demands model (Hatzigeorgiadis et al. (2011) = 0.67 [95% confidence interval: 0.53,
0.82]; posterior pooled estimate = 0.59 [95% quantile interval: 0.47, 0.71]), instructional in
the self-talk content model (Hatzigeorgiadis et al. (2011) = 0.55 [95% confidence interval:
0.40, 0.70]; posterior pooled estimate = 0.45 [95% quantile interval: 0.34, 0.56]), instruc-
tional/fine in the matching hypothesis model (Hatzigeorgiadis et al. (2011) = 0.83 [95%
confidence interval: 0.64, 1.02]; posterior pooled estimate = 0.56 [95% quantile interval:
0.4, 0.73]), for novel tasks in the task novelty model (Hatzigeorgiadis et al. (2011) = 0.73
[95% confidence interval: 0.47, 1.00]; posterior pooled estimate = 0.59 [95% quantile in-
terval: 0.38, 0.8]), and for training interventions in the training model (Hatzigeorgiadis et al.
(2011) = 0.80 [95% confidence interval: 0.57, 1.03]; posterior pooled estimate = 0.64 [95%
quantile interval: 0.44, 0.83]).
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Examining the quality of the evidence and potential questionable re-
search practices

When considering only the new studies published since Hatzigeorgiadis et al. (2011) the
frequentist multilevel model estimate (0.45 [95% confidence interval: 0.29, 0.6]) was very
similar to both their prior estimate, and also the posterior Bayesian estimate from our updated
model (see section above). For the conditional PET-PEESE estimator however the PET estimate
was not statistically significant at the 𝛼 = 0.10 level and this adjusted estimate was compatible
with a range of estimates from negative effects of similar magnitude to the previously reported
positive effect in Hatzigeorgiadis et al. (2011), through to null and trivially positive effects
(-0.14 [95% confidence interval: -0.42, 0.13]) suggesting that publication bias/small study
effects may be present in this post-2011 literature. These estimates can be seen in the contour
enhanced funnel plot in Figure 4.
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Multilevel PET
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Contour Enhanced Funnel Plot

Figure 4: Countour enhanced funnel plot showing effect sizes (scaled in size by inverse sampling variance), thresholds for p < 0.05
and 0.01, and both PET-PEESE estimate (in this case it is the PET estimate from the conditional estimator; regression line and ribbon
plus “Multilevel PET Estimate” labelled point and interval) and frequentist multilevel model estimate (“Main Model Estimate” labelled
point and interval).

The Bayesian mixture models assuming the presence of p-hacking (note, recall these models
ignore the multilevel structure of the effects) also provided reduced adjusted effect estimates,
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though not to the same magnitude as seen in the PET estimate, with this reduction more
prominent when only considering the post-2011 studies and not incorporating the prior from
Hatzigeorgiadis et al. (2011). Without the prior the estimate from a classic random effects
model was 0.34 [95% quantile interval: 0.27, 0.42] and was reduced to 0.2 [95% quantile
interval: 0.13, 0.28] assuming the presence of p-hacking. When incorporating the prior from
Hatzigeorgiadis et al. (2011) the estimate from a classic random effects model was 0.39
[95% quantile interval: 0.33, 0.45] and was reduced to 0.32 [95% quantile interval: 0.25,
0.4] assuming the presence of p-hacking. These estimates and the posterior distributions can
be seen in Figure 5.
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Figure 5: Posterior distributions for Bayesian random effects main model (classic model) and mixture model for p-hacking both with
(B) and without (A) using the prior from Hatzigeorgiadis et al. (2011).

When considering only the post-2011 studies and utilising default prior distributions, RoBMA
found “strong” evidence against the effect,𝐵𝐹10 = 0.096 with mean model-averaged estimate
of 0.01 [95% quantile interval: 0, 0.11], “strong” evidence in favor of the heterogeneity,𝐵𝐹𝑟𝑓
= 5.872685 × 1016 with mean model-averaged estimate 𝜏 = 0.21 [95% quantile interval:
0.15, 0.3]. RoBMA without an informative prior also found “strong” evidence in favor of the
publication bias, 𝐵𝐹𝑝𝑏 = 2.0625228 × 106. When including the prior from Hatzigeorgiadis
et al. (2011) results were similar with RoBMA finding “strong” evidence against the effect,
𝐵𝐹10 = 0 with mean model-averaged estimate of 0 [95% quantile interval: 0, 0], “strong”
evidence in favor of the heterogeneity, 𝐵𝐹𝑟𝑓 = 1.3766468 × 1023 with mean model-averaged
estimate 𝜏 = 0.21 [95% quantile interval: 0.15, 0.3]. RoBMA with an informative prior also
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found “strong” evidence in favor of the publication bias, 𝐵𝐹𝑝𝑏 = 1.9231176 × 106.

Discussion

The aim of this work was to demonstrate the application of cumulative evidence synthesis
methods including; consideration of the initial probability that a new study of the effects of
self-talk interventions would shift our prior belief in their effectiveness, the application of pri-
ors taken from the previous meta-analysis to be updated by new studies identified to a new
posterior estimate of effect, and consideration of other sources of research waste from ques-
tionable research practices such as possible publication bias and p-hacking. Such methods,
when used prospectively, can aid researchers in determining whether further research of a par-
ticular experimental intervention is in fact warranted; and when used in retrospect may reveal
where research has been a waste. Given it has been over a decade since Hatzigeorgiadis et
al. (2011) published their meta-analysis of self-talk interventions, we used this as an example
to demonstrate these methods. We now discuss the implications of our results regarding this
example and make suggestions for researchers in the sport and exercise sciences to aid them
in planning of research.

Would a new study of a self-talk intervention have changed our prior
belief in their effects based on the results of Hatzigeorgiadis et al.
(2011)?

As noted, it could be argued that the estimate of the effectiveness of self-talk interventions was
sufficiently precise based on the research conducted prior to 2011. The effect estimate from
the meta-analysis of Hatzigeorgiadis et al. (2011) has a width spanning 0.2 SMD, and similarly
so for many of the moderator estimates. Given this, a researcher considering whether or not to
conduct a study of self-talk interventions effects on sports/motor performance could consider
whether this is worthwhile by using Bayesian updating with simulated studies to determine
both how large an effect, and how large a sample, would be needed to meaningfully shift the
prior to posterior distribution. If an unrealistically large effect (whether positive or negative) or
an impractically large sample size, or both, would be needed for a new studies effect estimate
to shift belief in the effect estimate then it might be considered that it is either implausible or
simply not worth the resources to conduct such a study. In such a case it might be considered
that the current estimate of the effect is sufficiently precise. Indeed, this appears to be the
case with the effect estimate from Hatzigeorgiadis et al. (2011).

As can be seen in Figure 1, given the precision of the prior distribution from Hatzigeorgiadis
et al. (2011), irrespective of the sample size or magnitude of effect and the extent to which it
disagreed with the prior estimate, no single new study could shift the posterior distribution to
an extent that it didn’t still have ~95% of its mass within the 95% quantile interval of the prior
distribution. As such, taking the estimate from Hatzigeorgiadis et al. (2011) at face value, we
would likely conclude that performing a new study would be a waste of resources. The number
of studies since 2011 has roughly doubled and yet no single study a priori would have been
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able to shift belief in the estimate of the effects of self-talk interventions. Of course, it may
be that this sheer volume of additional evidence might have updated belief in the estimate of
their effects (indeed, this is something that could have also been simulated i.e., how many
additional studies with particular effect sizes and sample sizes would be needed to shift belief?).
But, had this been considered during study planning, it might have saved researchers in this
field considerable resources that could have been directed towards other research questions
or programmes.

To what extent have studies published since Hatzigeorgiadis et al.
(2011) updated belief in the effects of self-talk interventions?

Although a priori the use of simulation is valuable to see whether a new study is worth adding
to the body of literature because it will meaningfully change our beliefs in an effect, in the
example of self-talk interventions there has already been a considerable addition of evidence
to the corpus. In such a situation it’s worthwhile to consider the extent to which this new
evidence has shifted beliefs. The use of Bayesian updating for meta-analysis, where there is
already a previous meta-analytic estimate on which to base a prior distribution, can also be
a more efficient means of conducting evidence synthesis as searches and inclusion of studies
can be limited to dates after the publication of that previous estimate. The extent to which
new evidence has shifted beliefs can be quantified and the value of such work can be reflected
on.

So, we also updated using Bayesian methods the results of Hatzigeorgiadis et al. (2011) with
studies published since 2011. Since that time a further 35 new studies had been published
which were identified in our searches and we could include all but one in our analysis. Our
findings suggested that the cumulative impact of this research over the last decade and more
has done little to further our understanding of the effects of self-talk interventions. The results
showed that the overall pooled estimate from the meta-analysis was a SMD of 0.47 [95%
quantile interval: 0.39, 0.56]. This was very similar to the previous estimate of overall effect
in Hatzigeorgiadis et al. (2011) of 0.48 [95% confidence interval: 0.38, 0.58]. The log10(BF)
calculated indicated that the included studies largely reflected “weak”, or even very mildly
“negative”, evidence against effects ranging from 0.31 to 0.59, and only provided “decisive”
evidence updating the prior against a priori implausible effect sizes ranging from 0 to 0.08 and
from 0.95 to 1.

In one sense, the findings of the updated Bayesian meta-analyses do reiterate the positive
effect of self-talk interventions on sport/motor performance on average reported by Hatzige-
orgiadis et al. (2011). Indeed, the estimate reflects the typical effect of other psychological
interventions (0.51 [95% confidence interval: 0.42, 0.58]) as identified by Lochbaum et al.
(2022) in their umbrella review; though notably they also reported a wide range of overall ef-
fect estimates between positively directed interventions/strategies (0.15 to 1.35). Reflecting
this, Hatzigeorgiadis et al. (2011) reported 𝜏 = 0.27 (though as noted in footnote7 it is not
clear which level this pertains to) for the self-talk intervention studies they explored, and our
study level estimate was not dissimilar to this (𝜏 = 0.35 [95% quantile interval: 0.11, 0.54]).
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Indeed, our prediction interval ranged from -0.37 to 1.32. Considering this heterogeneity in
effects, Hatzigeorgiadis et al. (2011) previously examined varied theoretically plausible mod-
erators of the effectiveness of self-talk interventions which we were also able to update with
new evidence. It may be the case that since 2011 the majority of research has focused on
understanding exactly how best to employ self-talk interventions.

Hatzigeorgiadis et al. (2011) suggested that, considering theoretically driven moderators,
there could possibly be differential effects of self-talk interventions under certain task condi-
tions, based on the nature of the intervention, or for different participant populations. Their
results suggested that, whilst self-talk interventions in general were effective, greater effects
were seen for fine motor tasks and the performance of novel tasks. They also found results
supportive of the matching hypothesis (i.e., that instructional self-talk as more effective for
fine motor tasks than motivational, and that instructional was more effective for fine com-
pared with gross motor tasks). By and large, our moderator analyses reiterated the findings
of Hatzigeorgiadis et al. (2011). Posterior estimates were broadly similar for all moderators
which were updated, and log10(BF) suggested that the newer evidence provided relatively
weak evidence against the prior effects reported by Hatzigeorgiadis et al. (2011) or evidence
suggesting slightly smaller effects for certain moderators (though qualitative conclusions re-
mained the same). Where there were clearer shifts in the posterior distributions these were
typically towards the overall pooled effect size within the main model possibly suggesting that
some factors were not as strong in moderating effects as previously thought.

Despite supporting the effectiveness of self-talk interventions and the factors that moderate
this, our results suggest that cumulatively the past decade and more of research has done
little to further our understanding of these effects. Of course, as we noted in the introduction,
this lack of change to our beliefs despite the cumulative evidence could be interpreted as
evidence that the production of such research could be considered wasteful. The present
updated Bayesian meta-analyses, and indeed the a priori simulations too, makes this quite
clear; considering the limited resources and time for conducting research, it may be worth
moving onto to other more pertinent questions or research programmes. But, both simulating
the impact of a new trial to determine if it is worth performing, or updating a prior meta-
analysis estimate with new evidence from subsequent trials, entail the assumption that the
previous estimate is not itself biased by questionable research practices (Friese & Frankenbach,
2020). Further, in updating a prior estimate there is the assumption that the newer evidence
is also free from such questionable research practices.

Is there evidence of questionable research practices in the self-talk
interventions literature?

As explained, we limit our examination of the presence of questionable research practices
to the subsequent post-2011 literature and make the reasonable assumption that, given the
replication crisis and subsequent methodological reform efforts kicked off proper in the early
2010s (Lakens, 2023), the presence of questionable research practices was likely as bad if
not worse in the literature included in Hatzigeorgiadis et al. (2011). The existence of evi-
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dence suggesting prior questionable research practices such as publication bias or p-hacking
might be cause for an evaluation of whether prior research is in fact worth building upon, or
whether instead it may be worth starting afresh to determine if there really is an intervention
effect whilst incorporating safe-guards for such issues e.g., pre-registration/registered-reports
(Chambers & Tzavella, 2022).

The results of our exploration of possible questionable research practices sadly paint a troubling
picture for self-talk interventions. There is strong evidence that both publication bias and p-
hacking seem to be present. The adjusted estimates in all of the methods examined were
reduced compared to the unadjusted estimated effect of self-talk interventions with this being
most evident considering models of publication bias and to an extent that it was compatible
with a null effect (i.e., PET-PEESE and RoBMA model averaging). Granted, in our present
example we have only considered the newly produced evidence since 2011 and it might be
argued that the studies prior to this may not be subject to such questionable research practices.
However, as noted we think it is a reasonable assumption that things were probably as bad, if
not worse, prior to 2011. Further, in the Bayesian mixture model for p-hacking, and the RoBMA,
we were also able to explore adjusted estimates whilst accounting for the prior estimate from
Hatzigeorgiadis et al. (2011). Even when considering this we still find strong evidence of
questionable research practices influencing this literature.

Has research conducted since Hatzigeorgiadis et al. (2011) been a
waste?

Given the results presented we find it hard to conclude anything other than that there has been
considerable “research waste”. Some might see this conclusion as being quite uncharitable but
we think that it is justified regarding the specific context explored here: namely, the literature
on self-talk interventions and their effects on sports/motor performance. Considering the
general lack of impact seen upon the prior estimate from Hatzigeorgiadis et al. (2011) from
simulating a new study, and the relative lack of impact from the updating of this prior estimate
with newly conducted studies post-2011, in so far as the effects of self-talk interventions are
concerned we have not learned anything new.

An objection to concluding that these post-2011 studies are “research waste” though might
be that they may have refined understanding of more specific questions, such as the impact
of different moderators on the self-talk interventions effectiveness, which may have been the
goals of these new studies (not merely whether self-talk interventions in general improve
performance). As mentioned, some had concluded that post-2011 the field had “matured”
and, under the assumption that self-talk interventions do indeed improve performance, moved
towards theorising and exploring the possible mechanisms for why it was effective (Galanis et
al., 2016; Hardy et al., 2018). However, as we also saw, many of the theoretically informed
moderators that were explored also updated little and where they did they tended to shift
closer to the overall posterior pooled effect estimate. Further, considering the results of our
exploration of questionable research practices, it is not particularly clear whether the already
proven positive effects of self-talk interventions is a reasonable assumption to work from any
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more, and research addressing the question of why the interventions are effective might be
built upon a house of cards. Based upon the results presented here it is not clear whether
self-talk interventions have any impact on sports/motor performance.

The amount of research since Hatzigeorgiadis et al. (2011) roughly doubled. Had approaches
such as those presented here been employed a priori by researchers in planning these studies
to consider the impact that such evidence might have had on updating prior estimates of
self-talk interventions effects, or indeed the quality of those prior estimates, a lot of waste
might have been avoided. Granted, some of the methods presented here were not necessarily
readily available to understand and utilise by researchers at the time they were conducting
their work. But, the example of self-talk interventions can act as a warning to researchers
in the sport and exercise sciences about what kinds of questions they should ask themselves
prior to beginning their work.

Although the literature on self-talk interventions and their effects on sports/motor performance
specifically could be considered wasteful, as explained, the post-2011 years have seen theo-
retical advancements in conceptualisation and operationalisation of the construct of self-talk
(Brinthaupt & Morin, 2023; Geurts, 2018; Hardy et al., 2018; Latinjak et al., 2019; Latinjak
et al., 2023; Van Raalte et al., 2016, 2019). Alongside the discussion within the broader
psychological literature regarding replication concerns there have also been calls to improve
theorising (Eronen & Bringmann, 2021) and measurement practices (Flake & Fried, 2020).
These are important steps that researchers should consider before they move to testing hy-
potheses such as whether intervening on a psychological construct produces particular causal
outcomes (Scheel et al., 2021). As such, it would be unfair to suggest that work aimed in these
specific theoretical/operationalisation directions has been wasteful and attempts at cumulative
evidence synthesis which draw such conclusions might also consider qualitative appraisal of
the broader literature saving conclusions about “research waste” for the specific context ex-
plored. But, whilst it has been argued that cumulative evidence synthesis methods such as
meta-analysis to test theoretically derived hypotheses (Hagger & Hamilton, 2024), for self-talk
interventions specifically it may be worth starting afresh to determine if there really is an in-
tervention effect whilst incorporating safe-guards for such issues as the questionable research
practices explored here e.g., pre-registration/registered-reports (Chambers & Tzavella, 2022).

Conclusion

This work has demonstrated the application of cumulative evidence synthesis methods includ-
ing; consideration of the initial probability that a new study of the effects of self-talk interven-
tions would shift our prior belief in their effectiveness, the application of priors taken from the
previous meta-analysis to be updated by new studies identified to a new posterior estimate
of effect, and consideration of other sources of research waste from questionable research
practices such as possible publication bias and p-hacking. We presented the application of
these methods in the example of self-talk interventions for sports/motor performance given it
has been over a decade since Hatzigeorgiadis et al. (2011) published their meta-analysis of
self-talk interventions. The application of these methods highlight that much of the literature
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on this topic could be considered “research waste”; the impact of any new study upon the prior
estimate from Hatzigeorgiadis et al. (2011) would have had added little evidence to change
prior beliefs, the doubling of research conducted since 2011 also added little evidence to up-
date the prior estimate, and it is likely that much of the research post-2011 (and likely prior to
2011) has been subject to questionable research practices making it unclear whether self-talk
interventions affect sports/motor performance or not. This example can act as a warning to
researchers in the sport and exercise sciences about what kinds of questions they should ask
themselves prior to beginning their work. Such methods as those demonstrated here, when
used prospectively, can aid researchers in determining whether further research of a partic-
ular experimental intervention is in fact warranted; and when used in retrospect may reveal
where research has been a waste. Considering the limited resources and time for conducting
research their application may suggest it to be more worthwhile moving onto other more per-
tinent research questions or programmes. In the case of self-talk specifically, future research
might be best placed to continue with the intention of building strong theories regarding the
conceptualisation and operationalisation of self-talk and, following this, test if there really is an
intervention effect as hypothesised whilst incorporating safe-guards for questionable research
practices e.g., pre-registration/registered-reports (Chambers & Tzavella, 2022).
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