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ABSTRACT. The reporting of exaggerated effect size estimates may occur either through
researchers accepting statistically significant results when power is inadequate and/or from
repeated measures approaches aggregating, averaging multiple items, or multiple trials.
Monte-Carlo simulations with input of a small, medium, or large effect size were conducted
on multiple items or trials that were either averaged or aggregated to create a single
dependent measure. Alpha was set at the .05 level, and the trials were assessed over item or
trial correlations ranging from 0 to 1. Simulations showed a large increase in observed effect
size averages and the power to accept these estimates as statistically significant increased
over numbers of trials or items. Overestimation effects were mitigated as correlations
between trials increased but still remained substantial in some cases. The implications of
these findings for meta-analyses and different research scenarios are discussed.
Keywords: Alpha levels, correlation, effect size, Monte Carlo, multiple assessments, power

THE ISSUE OF STATISTICAL POWER IS CENTRAL to the techniques of
inferential statistics but only tangentially relevant to the fundamentals of scientific
measurement. To explain, publication, in part, depends upon the author making
a binary decision to either accept or reject an observed effect size on the basis
of a specified alpha criterion. Typically, if the effect size could be explained as
chance variation from the null hypothesis with a probability of greater than 5%,
the observed result is often not of interest; but, if chance variation could be an
explanation less than 5% of the time, the result is a contender for publication.
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The probability of meeting a set alpha criteria (i.e., p < .05) is dependent upon
the true effect size and the number of measures taken (i.e., number of participants
sampled). This approach, null hypothesis significance testing (NHST), is a favored
procedure in judging the value of empirical work in the social sciences.
NHST in psychological research has problems and has been heavily criticized
(e.g., Gliner, Leech, & Morgan, 2002; Hubbard & Lindsay, 2008; Trafimow,
2003; Trafimow & Rice, 2009). It is possible that some unpublished estimates
are accurate but not statistically significant, and some published estimates are
statistically significant but not accurate. Furthermore, the emphasis on NHST has
resulted in a literature focused on the attainment of significance rather than actual
measured values. To mitigate this particular problem, Wilkinson and the APA Task
Force on Statistical Inference (1999) attempted to direct more of the focus toward
measurement by the encouragement of effect size reporting.
Effect sizes are descriptive measures reflecting the degree of association
between two measures that show how much the dependant measure changes
through manipulation of the independent variable. Cohen’s d (Cohen, 1962, 1988),
a commonly reported effect size, is standardized and reflects the magnitude of
difference between two independent group means in deviation units that are metric
free. Reporting of effect sizes allows for standardized comparisons to be made
across the literature. It does not, however, solve a misestimate problem if an alpha
criterion governs acceptance of estimates from underpowered studies. Thus, for
two reasons, (1) the correction of misestimates, and (2) the potential value of
effect size estimates as precise and universal, we believe the accuracy of effect
size estimates from studies should become of central concern.
The problems of inaccuracy arose through the predominant and longstanding
bias to publish results that were statistically significant even when those studies
were underpowered (Sterling, 1959; Sterling, Rosenbaum, & Weinkam, 1995).
The more recent tendency to include effect size estimates is laudatory, but with
inadequate sample sizes (Cohen, 1962; Rossi, 1990; Sedlmeier & Gigerenzer,
1989), the reported effect sizes or those calculated from published research tend
to overestimate the true effect size (see, Brand, Bradley, Best, & Stocia, 2008;
Kraemer, Gardner, Brooks, & Yesavage, 1998; Lane & Dunlap, 1978). This is
the case even with reporting confidence intervals. Estimates from underpowered
studies cannot, by definition, be simultaneously statistically significant and accurate, and, therefore, unpublished studies may actually contain more accurate
measures of effect size. Bradley and Stoica (2004) identified research topics with
either generally adequate or inadequate power. They graphed effect sizes (etas)
on the x-axis and sample sizes on the y-axis to show either funnel graphs (Begg,
1994) or negative correlations. Funnel graphs resulted if the power across studies
was adequate, and negative correlation scatterplots pertained if the studies had
reported results under conditions of inadequate power.
Even when adherence to NHST is retained, the magnitude of effect size misestimates can be reduced through attention to power. In principle, any of a variety
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of methods that increase the scaled numerical difference between two groups measured in standard error (S.E.) units increases power. One approach is to increase
the number of measures taken, by either increasing the number of participants,
or by using multiple measures on each single participant. Multiple measures on a
participant could involve repeated assessments of the same measure, as is done in
Evoked Response Potential (ERP) studies, or through multiple items presented as
a test or inventory (Brand, Bradley, Best, & Stoica, 2011). Other approaches focus
on the use of a matched group design, employed to reduce variability, or through
careful attention to theory allowing the selection of a robust independent variable
likely to differentiate between groups. It is also worth mentioning that Bayesian
approaches can avoid issues by reporting exact probabilities even when those
probabilities are greater than .05. When all is said and done, however, increasing
the number of measures is very common.
Different methods of analysis do not give an equivalent reflection of the
quantity to be measured when multiple assessments are involved; for example,
the common practice of analyzing averages or aggregates of data from multiple
assessments on the same individual can result in effect size estimates that are
substantially different. The differences may depend less on the underlying effect
size and more on the number of assessments (Brand, Bradley, Best, & Stocia,
2011). These effect size differences between the original single trial effect size
estimate and estimates from multiple trials do not happen if trial data is analyzed
as a within-subjects factor in a Mixed ANOVA (Bradley & Russell, 1998; Overall,
1996). Thus, any distortion of published effect sizes with a Mixed ANOVA will
be limited to that which arises from the particular statistical significance criterion
imposed (Brand et al., 2008); however, if multiple measures are averaged or
aggregated, effect sizes are augmented. This augmentation may or may not be
problematic depending upon the theoretical concept underlying the study. Using
a Monte Carlo simulation, Brand and his colleagues (2011) showed through the
calculation of the difference between the initial effect size and final effect size that
multiple assessments resulted in augmentations of sizes that reached 455% in 30
trials. These magnitudes depend, in part, upon the intercorrelations amongst the
measures and diminish as those correlations increase.
For the average user of statistics the finding of a power increment over trials
may be, potentially, somewhat surprising. The reason it may take researchers offguard is that, averaged across participants, any given single trial has a Standard
Deviation (SD) approximating the SD of any other trial. This, of course, conforms
to the definition of a SD as a descriptive statistic. Averaging across trials for each
participant, however, involves averaging probabilistic approximations to the mean
of the true distribution, which results in a compressed SD. In the same fashion,
aggregation involves the maintenance of the same numerical SD value but now in
a distribution of a greater range. As such, the aggregate SD is also proportionately
compressed.
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Brand and his colleagues conducted separate Monte Carlo simulations to
examine both the distortion effects of alpha criteria (Brand et al., 2008) and
of multiple trials (Brand et al., 2011). The studies dealt with distortion effects
separately, but the imposition of alpha level significance criteria on experiments
with multiple trials or items could interact and modify the reported results of
effect size distortion. It is, for example, plausible that effect size distortion, due
to analyzing the averages (or aggregates) in a multiple trials experiment, may
overshadow the effect size distortion due to the statistical significant selection
bias. In all likelihood, the relationship is complex. The purpose of this paper is to
use a Monte-Carlo approach to describe the interaction between power, multiple
trials, inter-trial correlations, and significance levels upon the size and likelihood
of reported effect size measures.
Monte-Carlo Simulations
Simulations were conducted using the statistical package R (R Development
Core Team, 2009). Simulations involved varying three factors: true effect size
(e.g., d = 0.20, d = 0.50 and d = 0.80), the average correlation between trial
data (e.g., 0, 0.20, 0.50, 0.80 and 1), and the number of trials in an experiment
(e.g., 1, 5, 10, 20 and 30). For each of the 75 different combinations of the
factors, 100,000 experiments were simulated. This resulted in a total of 7,500,000
simulated experiments.
The simulations ran as follows. A control distribution with a standard normal
distribution of 1,000,000 values, a mean of 10, and a standard deviation of 2 was
generated for each trial in the experiment. The values from the control distributions
were then placed in a matrix in which a row in the matrix represented each
participant and a column represented each trial in an experiment. The cells in
the columns (i.e., data for a given trial) were then rearranged so that the average
correlation between columns (i.e., trial data) was obtained. To achieve this, all
the values in a column were placed in ascending order and then a given number
of values that were randomly rearranged. To create the experimental data, this
procedure was repeated using different means to produce the different effect sizes
(e.g. M = 10.40 when d = 0.20, M = 11.00 when d = 0.5 and M = 11.60 when
d = 0.8).
A simulated experiment involved 76 participants. This number was based
on the results of survey of statistical power of psychological research (Rossi,
1990) and is reasonably representative of sample sizes in a typical psychology
experiment. To simulate an experiment, 38 rows from the control data matrix
and 38 rows from the experimental data matrix were randomly selected, and
the aggregates (sum) and averages (mean) for these rows were calculated. The
observed effect size from a simulated experiment was calculated, and a two-tailed
between-subjects t-test was computed using both the aggregates and averages to
determine whether a statistically significant effect was obtained (i.e., p <.05).
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TABLE 1. Observed Publishable Effect Sizes Across Multiple Trials and Correlations for Cohen’s Small, Medium, and Large Effect Sizes
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Trials in the Experiment

Correlation Between Trial Data = 0
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .20
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .50
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .80
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = 1.00
Small Effect Size
Medium Effect Size
Large Effect Size

1

5

10

20

30

0.56
0.66
0.84

0.64
1.13
1.81

0.73
1.60
2.56

0.92
2.26
3.61

1.11
2.77
4.42

0.56
0.67
0.84

0.61
0.87
1.35

0.62
0.97
1.53

0.63
1.04
1.65

0.63
1.06
1.69

0.56
0.67
0.84

0.59
0.74
1.05

0.59
0.76
1.10

0.59
0.77
1.12

0.59
0.77
1.13

0.56
0.66
0.84

0.57
0.68
0.90

0.57
0.69
0.91

0.57
0.69
0.91

0.57
0.69
0.92

0.56
0.66
0.84

0.56
0.67
0.84

0.56
0.66
0.84

0.56
0.67
0.84

0.56
0.66
0.84

For each set of 100,000 simulated experiments, the means for the observed
effect sizes that were statistically significant, and the statistical power for the
average experiment was derived by calculating the percentage of the experiments
in each set of 100,000 simulated experiments that obtained statistically significant
results. The mean observed effect sizes are summarized in Table 1. Power values
associated with statistically significant effect sizes are summarized in Table 2.
The results from multi-trial experiments in which aggregates were used as the
dependent measure were identical to the results from those in which averages
were used as the dependent measure and, thus, the values in Table 1 refer to
multi-trial experiments in which either averages and aggregates of the dependent
measure were analyzed.
The results, as predicted, are somewhat complex. They can, however, be
understood through simple rules derived from examination of the results starting
with the table on effect sizes. First, as can be seen in Table 1, effect sizes increase
as the number of trials increase.1 Second, the values of the resultant effect sizes
are dependent upon the true effect size. Third, the lower the correlation between
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TABLE 2. Power Across Trials and Correlations for Cohen’s Small, Medium,
and Large Effect Sizes
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Trials in the Experiment

Correlation Between Trial Data = 0
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .20
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .50
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = .80
Small Effect Size
Medium Effect Size
Large Effect Size
Correlation Between Trial Data = 1.00
Small Effect Size
Medium Effect Size
Large Effect Size

1

5

10

20

30

0.14
0.58
0.93

0.49
1.00
1.00

0.77
1.00
1.00

0.97
1.00
1.00

1.00
1.00
1.00

0.14
0.57
0.93

0.30
0.95
1.00

0.37
0.98
1.00

0.42
0.99
1.00

0.44
0.99
1.00

0.14
0.57
0.93

0.20
0.79
0.99

0.22
0.83
1.00

0.22
0.85
1.00

0.23
0.85
1.00

0.14
0.57
0.93

0.15
0.65
0.96

0.16
0.66
0.97

0.16
0.67
0.97

0.16
0.67
0.97

0.14
0.57
0.93

0.14
0.57
0.93

0.14
0.58
0.93

0.14
0.58
0.93

0.14
0.58
0.93

items or trials, the greater the increase in effect size. That is, higher correlations
and multiple assessment trials interact such that higher correlations between trials
or items mitigate the exaggerations. Fourth and related to the previous point, when
the correlation is zero, all input effect sizes are exaggerated equally, and they are
all 455% larger than the actual input effect size after 30 trials or items. Fifth, the
combination of high correlations (r = .8) and a large input effect size (d = .8)
results in minimal but still important levels of exaggeration (5% to 15%).
Table 2 shows how power is affected by these factors. First, power levels
increase as the number of trials or items increase. Second, the incremental power
increase is greatest when the effect size is lowest (d = .2). This is a consequence
of small effect sizes having low base levels of power such that increments to maximum power are large. Third, in the zero correlation conditions, power rapidly rises
to virtually 100% such that most effect sizes will be reported as statistically significant. Fourth, trial increments in power are mitigated by correlations; especially
when the correlation is high.
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Highlighting some examples from the table illustrates how changes in effect
size and power interact. When the correlation between the trials is zero, effect
size exaggerations are at the 455% level, and there is virtually a 100% chance
that the results will pass the significance test and have a chance of being reported.
Mitigation effects with correlations are substantial even when the correlation is
small. For example, the combination of a small effect size with r = .2 results in
almost half the exaggeration (215%) and less than half the power (44%) after 30
trials. At the other extreme, when the effect size is d = .8, the exaggerations range
from 5 to 15% with a change in power from 93 to 97% over 30 trials. Thus, the
exaggerations are lower when the true effect size is high, but it may be important
and worth being aware that the exaggeration is still 15%.
The Monte-Carlo simulations replicated effect size findings with single trials
(Brand et al., 2008) and multiple trials and items (Brand et al., 2011). Under
typical p < .05 rules for significance reporting, multiple trials generally increase
the probability of reporting exaggerated effect sizes. In the worst but improbable
scenario, when the correlation between multiple trials or items is zero, statistically
significant outcomes grew from 190% exaggeration in a single trial to 455% with
30 trials, regardless of whether the magnitude of the true effect sizes were small,
medium, or large. The probability of obtaining statistical significance or power
grew differentially with the magnitude of true effect sizes. With a small true
effect size, the probability of reporting an exaggeration grew steadily from 14%
in a single assessment to 100% after 30 aggregated or averaged trials or items.
Furthermore, when 30 trials or items with a small effect size were averaged or
aggregated, the exaggeration was at 455%, and the probability of significance
was 100%. Even with as few as five trials or items, the exaggeration increased
to 220% and the probability of obtaining or reporting that exaggeration increased
over threefold with power at the 49% level. When the true effect size was medium
or large, power was at 100% after the averaging or aggregating of five trials or
items. Thus, all levels of trial or item exaggeration from 220% and up would be
significant and potentially published.
One goal of science is accurate measurement. Accurate measurement allows
for precise description of the quantitative aspects of phenomena under consideration. The concept of achieving statistical significance with an a priori expectation
of subsequent publication of the results fostered as an a priori goal may be a
contradictory practice for the attainment of scientific accuracy. Depending upon
power, some studies cannot produce both statistical significance and accurate
measurements because one precludes the other. If inaccurate measurements are
published, the probability is that scientists attempting to understand phenomena
will fail to replicate the results if they also have inadequate power. Such a process fosters misunderstandings in various literatures. Our findings explain that it
is possible for an exaggerated effect to be reported, become controversial, and
eventually, as replications fail, be ignored or become controversial once more.
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Inter-item or trial correlations mitigate exaggerations for both effect size and
power. For example, the effect size exaggeration of 220% associated with a small
true effect size (d = 0.20) over five uncorrelated (r = 0) trials/items is reduced
to 205% when the correlation between the multiple assessments is r = .2 and the
probability of reporting that exaggeration decreases from 49% to 30%. When the
correlation between items/trials is r = .5, the augmentation effects converge after
5 trials to a distortion of 195%. This level of exaggeration is close to that expected,
with significance reporting and the probability of reporting the augmented effect
size being 22%. When r = .8 and d = .8, the exaggeration is small, and the
increment of reporting is small. But the word small is only in terms of standard
practice in the social sciences; in the physical sciences or engineering, error in
measurement in the 6 to 15% range would often be unacceptable.
It is worth noting that the distortions created by the aggregating/averaging
data over multiple trials will also affect the confidence intervals for the effect
size estimate. For instance, for our simulated data, when the correlation between
trial data is 0, and there are 30 trials in the experiment, the mean effect size
for the lower 95% confidence interval is 0.64 for a small true effect (d = 0.20).
Therefore calculating and reporting confidence intervals for the effect size will not
substantially lower the distortion created by aggregating data over multiple trials.
Although avoiding the .05 criterion problem, Bayesian inference, using the
Bayes factor (i.e., Dienes, 2011; Goodman, 1999; Rouder, Speckman, Sun, Morey,
& Iverson, 2009) still remains susceptible to distortion through aggregation or
averaging data across multiple trials. When data are aggregated/averaged over
multiple trials and the correlation between trial data is low, the Bayes factor [P(HO
given Data)/P(HA given Data)], like the p value, will exaggerate the strength of
evidence against the null hypothesis. For instance, for simulated data from Brand
and colleagues (2011), the Bayes factor is 0.71, indicating weak initial evidence
against the null hypothesis when the experiment consisted of 1 trial and the true
effect size was medium (d = 0.50). When the correlation between trial data was
0.20, and there were 10 trials in the experiment, the Bayes factor was 0.004 for
a medium true effect (d = 0.50). Hence, like the statistical inferences derived
from p values, the inferences derived from the Bayes factors, vary in relation to
the number of aggregated/averaged trials in the experiment and the correlation
between trial data.
Exaggerations of effect sizes due to inadequate power associated with significance criterion are simply a source of inaccuracy. Beyond that, however, enhanced
effect sizes resulting from multiple assessments with correlations amongst those
assessments may or may not produce results that are inaccurate or misleading. For
example, Evoked Response Potentials (ERPs) are not visible in a single trial and
are defined only after several trials, but once an appropriate number of trials have
been reached, the phenomenon is well defined. Ideally, if equipment and technical
concerns become standardized then the number of trials to represent an ERP may
become part of the definition.
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An analogous situation exists with exams, personality inventories, attitude
measures, etc., in which one question is not conceptually adequate to define the
concept of interest. In these areas, the dominant view from general psychological
testing books (i.e., Anastasi, 1988) is reasonable and indicates the concept is in the
multiplicity of items and not in any single item. For example, given content validity,
knowledge of a subject area is reflected in a number of test items successfully
answered and not inherently in any single item. In fact, the results underline the
importance of current practice emphasizing intercorrelations among items defining
a concept. If the concept is tightly defined and the item intercorrelations are high
and uniformly so, the resultant effect size has a chance of approaching the true
underlying effect size, and the result can be replicated. However, even when the
correlations between test items are high and the concept tightly defined, if a 0.05
level criteria is imposed and statistical power to detect the true effect is low for
the average/aggregated measure, misleading high effect size estimates will still be
reported.
With the above discussion in mind, it is worth noting that statistical significance, numbers of trials or items, and the correlations amongst those trials or items
interact. For example, with no correlation among trials or items and a small effect
size, the degree of effect size distortion through statistical significance is initially
larger than the distortion through averaging or aggregating of trials or items. After
10 trials or items, however, the distortion through aggregating or averaging is
greater than that found through statistical significance. The same result occurs
after five trials with a medium or large effect. When there is a high correlation
among trials or items and when the effect size is small or moderate, significance
is the major source of distortion. In contrast, when both the effect size and the
correlation are large, the multiple trial and significance effects are within 1% of
each other. The caution is that typically, correlations are likely to be between r =
.2 and r = .8, and, although effect sizes vary, many researchers study phenomena
with small to moderate effect sizes. Thus, if statistical significance remains a criterion for publication, even when a concept is defined by multiple trials or items,
the published result may be substantially distorted.
NOTE
1. Note that simple effects size measures based solely on the mean difference do not
increase as number of trials increase. Although the reporting of simple effect sizes has
been encouraged by Baguley (2009) researchers rarely report them. This is presumably
because standardized effect sizes such as Cohen’s d are more commonly and widely use
for computing meta-analyses and power analyses.
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