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EXTENDED ABSTRACT
Multiple-study articles are the norm in behavioral research and 

the number of studies per article is increasing [Schimmack, 2012]. 
Since review practices dictate that all studies demonstrate statistical 
significance [Simmons et al., 2011], authors may feel obligated to 
run studies until they get a sufficient number of statistically signifi-
cant results and then report only the statistically significant ones; this 
leads to a form of publication bias known as the file drawer problem 
[Rosenthal, 1979]. Indeed, given the modest power typical of studies 
in behavioral research [Cohen, 1962, 1992], papers where all studies 
ran pass this “statistical significance filter” [Gelman and Weakliem, 
2009] are generally unrealistic. Furthermore, application of this filter 
guarantees upwardly biased effect size estimates–a bias that is ex-
acerbated when the true effect size is small as well as when the size 
α of the test (i.e., the threshold p-value) is low. In effect, then, the 
standards of the field are self-defeating. While these observations are 
not new or even unique to our field [Sterling, 1959], recent work sug-
gests that publication bias is indeed a problem in psychology journals 
[Simmons et al., 2011, John et al., 2012].

Many of these problems are directly due to the focus placed 
on sharp null hypothesis testing (and the concomitant p-values). In-
deed, there are many well-known criticisms of statistical significance 
[Krantz, 1999] including the arbitrariness of the standard α = 0.05 
level (“Surely, God loves the 0.06 nearly as much as the 0.05.”; Ros-
now and Rosenthal [1989]) and the fact that statistical significance 
is not the same as practical importance. In addition to these common 
criticisms, the dichotomization of results into “significant” and “non-
significant” frequently leads to the dismissal of whatever differences 
are observed in practice, thereby cutting off potentially fruitful lines 
of future research.

Following Cohen’s maxim that “the primary product of a re-
search inquiry is one or more measures of effect size, not p-values” 
[Cohen, 1990, p. 1310], we suggest an increased focus on effect size 
estimation and a de-emphasis of the de facto requirement of statisti-
cal significance for all studies in a given paper. In particular, we hold 
that many promising research projects are shelved at an early stage 
when pilot studies fail to attain statistical significance–even when 
the results are directionally in line with theory. Consequently, re-
searchers may be unnecessarily dropping illuminating projects (and 
journals rejecting deserving papers) by applying the statistical sig-
nificance filter.

If a sufficiently large number of experiments studying a common 
phenomenon demonstrate a consistent pattern of results yet each fails 
to generate a p-value less than the “magic number” of 0.05, it stands 
to reason that the effect is real and that the lack of significance is due 
to the modest power of studies in psychology [Cohen, 1962, 1992]. 
Further, since the experiments study a common phenomenon, it seems 
natural to combine the information from the various studies into a 
single summary estimate; such a summary estimate is more reliable 
than any of the separate single study estimates and provides a succinct 
measure of the results. Second, this summary effect size estimate cou-
pled with a measure of its uncertainty is a direct indicator of replica-
bility for future studies in the domain of interest. Third, because effect 
sizes can be easily understood by non-specialists, they allow for easy 
comparison across related subfields of consumer research. Finally, 
consumer psychology can progress faster and more effectively when 
researchers focus on quantifying the effects of constructs rather than 

solely on demonstrating systematic deviations from null hypotheses 
of zero effect. Although establishing non-null effects is an important 
first step in testing theories, the significance of a finding should not 
depend solely on inferential statistics [Campbell, 1982].

Despite these strong arguments in favor of effect size estima-
tion, a focus on effect size estimates has not been broadly practiced. 
Indeed, papers rarely report effect sizes even when authors are asked 
to do so [La Greca, 2005]. In view of the trend towards multiple-
study publications, we propose that authors provide a meta-analytic 
summary of their experiments (as meta-analysis can be helpful with 
as few as two studies [Valentine et al., 2009]) and report these results 
as part of the discussion of their findings. This would directly pro-
vide a summary effect size estimate thereby conveying the benefits 
discussed in the prior paragraph.

To facilitate the meta-analysis of a research paper, we have 
developed an easy-to-use website that allows authors to input the 
details of their study design and summary statistics and to receive es-
timates and uncertainty intervals for the individual studies as well as 
an overall summary. To power this website, we build on prior work 
[Cooper and Hedges, 1994, Cooper et al., 2009] to introduce novel 
meta-analytic methodology that is uniquely tailored to the effect-
size analysis of mixed factorial studies and which allows for both 
repeated measures studies and for studies with different dependent 
variables (i.e., different operationalizations of the same underlying 
construct). By analyzing three recent consumer psychology papers 
(each of which reports multiple experiments), we show that this ap-
proach offers five major informational benefits:

i. A concise quantitative paper summary with effect size 
estimates of both main and interaction effects as well as 
confidence intervals (see Table 1).

ii. Improved single-study effect size estimates with smaller 
confidence intervals.

iii. A visual effect summary of each study separately and all 
studies combined. 

iv. A measure about the variability of the effects across stud-
ies and conditions that is useful for assessing the need for 
methodological and other moderating factors as potential 
sources of this variation.

v. A prospective power analysis for main and interaction ef-
fects based on all conducted studies.

Table 1: Meta-analysis Summary Output for Recent Papers .
Paper Effect 2 .5% 25 .0% 50 .0% 75 .0% 97 .5%

Bos et al. [2011] Immediacy -0.83 -0.41 -0.52 -0.63 -0.20

Lammers et al. 
[2008] 

Legitimacy 0.11 0.28 0.37 0.46 0.63

Power 0.27 0.44 0.53 0.62 0.79

Interaction -1.18 -0.94 -0.81 -0.69 -0.44

Sleeth-Keppler 
and Wheeler 
[2011] 

Context -1.45 -1.23 -1.12 -1.01 -0.79

Target -0.86 -0.66 -0.55 -0.44 -0.24

Interaction 0.64 0.93 1.08 1.23 1.52

The median is the estimate and a 95% confidence interval is formed from 
the 2.5% and 97.5% quantiles. Our methodology also returns quantile 

estimates for the individual studies as well as a unique graphical display.
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Because these informational gains are obtained by providing 
merely summary information about experimental conditions (i.e., 
means, standard deviations, and sample sizes), we are optimistic that 
our proposal will be viewed as beneficial by many researchers.
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