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Outliers May Not Be Automatically Removed

Julian D. Karch
Methodology and Statistics Department, Institute of Psychology, Leiden University

Researchers often remove outliers when comparing groups. It is well documented that the common practice
of removing outliers within groups leads to inflated Type I error rates. However, it was recently argued by
André (2022) that if outliers are instead removed across groups, Type I error rates are not inflated. The same
study discusses that removing outliers across groups is a specific case of the more general concept of hypoth-
esis-blind removal of outliers, which is consequently recommended. In this paper, I demonstrate that, con-
trary to this advice, hypothesis-blind outlier removal is problematic. Specifically, it almost always
invalidates confidence intervals and biases estimates if there are group differences. It moreover inflates
Type I error rates in certain situations, for example, when variances are unequal and data nonnormal.
Consequently, a data point may not be removed solely because it is deemed an outlier, whether the procedure
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used is hypothesis-blind or hypothesis-aware. I conclude by recommending valid alternatives.

Public Significance Statement

Removing outliers is widespread in psychological research. This study demonstrates that removing a data
point solely because it is an outlier is problematic. As a remedy, robust techniques are recommended.

Keywords: outlier removal, outlier exclusion, outlier detection, outlier analysis, outlier rejection
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Psychological data sets typically contain erroneous data that must
be dealt with appropriately. Erroneous data can be caused by several
factors, from equipment failure and misunderstanding of instructions
to errors during data input. It is crucial to remove or correct errone-
ous data for many reasons, including the sensitivity of standard tech-
niques, such as the #-test or analysis of variance (ANOVA), to
erroneous data (Wilcox, 2016). Sometimes there is a well-defined
procedure to detect erroneous data. For example, for reaction time
data, responses faster than a certain threshold are considered impos-
sibly fast (André, 2022) and are therefore removed. Often, however,
no such well-defined procedure is available.

A remedy used by many researchers is to focus on identifying out-
liers instead. An outlier is a data point that is “too far removed” from
the rest of the data (Pincus and Lewis, 1994). The appeal of focusing
on outliers is that no external knowledge is needed. The observed data
suffice. There are many outlier identification techniques, which essen-
tially differ only in how they measure the distance of a data point from
the rest of the data. The Z-score approach is the most popular in psy-
chology (Bakker and Wicherts, 2014). First, the sample mean X and
sample standard deviation SD are calculated. The absolute z-score of a
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data point X; is then Z; = |X; — X|/SD. A cutoff beyond which data
points are considered outliers then needs to be chosen. Common val-
ues are 2 and 3 (Bakker and Wicherts, 2014).

While statistical textbooks aimed at psychological researchers
agree that identifying outliers is essential, they have differing
views on what should be done next. For instance, Howitt and
Cramer (2007) recommended that “it is important to eliminate
them [outliers] because they can be so misleading” (p. 28). In con-
trast, Stevens (2012) warned against removing a data point merely
because it is an outlier. It is therefore not surprising to find consid-
erable heterogeneity in how psychological researchers handle outli-
ers (André, 2022; Bakker and Wicherts, 2014). Importantly,
removing outliers to safeguard standard techniques is still wide-
spread (André, 2022; Bakker and Wicherts, 2014).

However, many publications within the field of mathematical sta-
tistics warn against the practice of removing outliers to safeguard
standard techniques, as it leads to underestimation of standard errors
and, in turn, inflated Type I error rates (Wilcox, 1998). Bakker and
Wicherts (2014) investigated the severity of this effect in a simula-
tion study tailored to mirror psychological data. Their results show
that automatically removing outliers with the intent to safeguard
the two-sample r-test leads to Type I error rates as high as 20%,
and they consequently warn against it.

In a recent article in the Journal of Experimental Psychology:
General, André (2022) extended this work by distinguishing
between identifying outliers within and across groups. Identifying
outliers within groups involves computing the distance of each
point from the rest of the data separately for each group.
Conversely, when outliers are identified across groups, the distances
are computed by taking into account all the data. For example, iden-
tifying outliers within groups involves computing z-scores based on
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group-specific means and standard deviations. In contrast, the over-
all mean and standard deviation are used when identifying outliers
across groups. André argued that inflated Type I error rates, as
found by Bakker and Wicherts (2014), are limited to within-group
outlier removal. They backed up this assertion with simulation stud-
ies, where Type I error rates were never inflated when outliers were
removed across groups. André additionally discussed that removing
outliers across groups is a particular case of a more general concept:
If the outlier removal procedure is blind to the tested hypothesis, it
does not inflate Type I error rates. They conclude by recommending
hypothesis-blind outlier removal as a straightforward approach to
safeguard standard techniques.

In this paper, I demonstrate that, contrary to this advice,
hypothesis-blind outlier removal is not a valid approach to safeguard
standard techniques. This practice generally leads to biased parame-
ter estimates and invalid confidence intervals when the null hypoth-
esis is false. Problems are less severe when the null hypothesis is
true, but inflated Type I error rates, and biased parameter estimates
still occur in certain situations. I showcase these problematic proper-
ties of hypothesis-blind outlier removal by means of simulation stud-
ies for the same examples used by André (2022) to argue in favor of
hypothesis-blind outlier removal: (a) comparing two groups and (b)
regression modeling. I conclude by recommending valid alterna-
tives, which follow the general principle of modern, robust statistics:
instead of removing outliers, use statistical techniques that are robust
against outliers.

Null Hypothesis False: Removing Outliers Across Groups
Invalidates Difference Estimates and Confidence
Intervals

This section demonstrates that removing outliers across groups
almost certainly biases parameter estimates and invalidates confi-
dence intervals if the values in one group indeed tend to be larger.

Design

To highlight the pervasiveness of the problem, I used a design
very similar to the one used by André (2022). I will first describe
all the aspects that are identical. The design involved orthogonally
crossing the factors: sample size (levels will be presented later),
within-group distributions (normal distribution, normal distribution
with outliers, and log-normal distribution), outlier removal method
(z-score, inter quartile range [IQR], and median absolute deviation
[MAD)]), and cutoffs (1.5, 2, or 3 times the z-score/IQR distance/
MAD). All the outlier removal methods remove a data point if it is
considered too far from the other data. They only differ in the dis-
tance measure they use. The z-score approach uses a data point’s dis-
tance from the mean, expressed in units of standard deviation; the
MAD approach uses a data point’s distance from the median,
expressed in units of the MAD; and the IQR approach uses a data
point’s distance from the upper and lower quartile of the distribution,
expressed in units of the IQR. The cutoffs define the distance at
which a data point is considered an outlier. All of the outlier removal
approaches were applied across groups. The investigated outlier
removal methods and cutoffs closely mirror how outliers are
removed in practice. This was examined by Bakker and Wicherts
(2014), whose findings I summarize here. The z-score method
with cutoffs of 2 and 3 is the most commonly used approach.

While the IQR and MAD methods are rarely used in practice, they
are considered to be improvements over the z-score approach. I
therefore included them to demonstrate that removing outliers across
groups is also invalid for these supposedly superior approaches.

I will now describe the aspects that differ from André (2022). The
crucial difference was that I generated data such that the null hypoth-
esis of no differences was false. In the first step, I generated data for
each group in the same way as André: I drew data from one of the
three within-group distributions for both groups and then randomly
distributed them into two groups, so that there were no differences
between the groups. However, I added 0.8 to the second group in a
second step.' T chose 0.8 as it corresponds to Cohen’s d of 0.8 for
the normal distribution condition and thus to a large effect size,
according to commonly used heuristics (Cohen, 1988). For didactical
reasons, I will refer to the second group as the treatment group and the
first as the control group. However, the arguments presented here also
apply to any other situation in which two groups are compared.

The second main difference was that I added variance ratio (VR)
as an additional factor with the levels 1 and 4. For VR =1, the
within-group variances were equal, as was the case in André
(2022), whereas for VR =4, the variance of the treatment group
was 4 times larger than the variance of the control group. I chose
4 because this was the average VR found in empirical data (Erceg-
Hurn and Mirosevich, 2008).

The first minor difference was in the statistical tests. Like André
(2022), I used tests to establish whether the values of a variable of
interest tend to be larger in one group, as this is the most pervasive
research question in (experimental) psychology, and included the
standard parametric test: Welch’s r-test.” However, instead of the
Wilcoxon-Mann—Whitney test, the standard nonparametric test, |
included Brunner—Munzel’s test, because it is the improved, recom-
mended version of the Wilcoxon—-Mann—Whitney test (Karch,
2021b; Noguchi et al., 2021). The second minor difference was
that in addition to the sample sizes considered by André (50, 100,
and 250), I also added the sample sizes 1, 000 and 10, 000. This
made it possible to examine the large sample properties of removing
outliers across groups.

As outcomes, I obtained the relative biases® of the parameter esti-
mators, the coverage probabilities of the 95% confidence intervals
returned by the tests, and the power of the tests. As well as raw
power values, I report the difference in power compared to not
removing outliers. If this power difference was positive, removing
outliers increased the power. I estimated all quantities by generating
random data for each design cell 100, 000 times. I also used 100, 000
replications for the other simulation studies. To ensure reproducibil-
ity, I share the code used for running this and all other simulation
studies at https:/osf.io/xt8zd/.

" In the supplemental material (https:/osf.io/xt8zd/), I also present results
for a smaller mean difference (0.4). However, since the results are qualita-
tively the same, I focus on 0.8 in this paper.

2Despite the nonnormally distributed data, applying Welch’s -test pro-
duces accurate results ( p-values, parameter estimates, and confidence inter-
vals), due to the relatively large sample sizes (e.g., Delacre et al., 2017;
Field, 2017, Chapter 6), and it is therefore an appropriate analysis choice.

3 Relative bias is defined as bias divided by true value. A relative bias of
100% thus means that, on average, a parameter estimate is 100% larger
than the true value.
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Results: Removing Outliers Across Groups Invalidates
Difference Estimates and Confidence Intervals

The full results are shown in Appendix A. In Figure 1, I sum-
marize the results for each outlier removal method and cutoff com-
bination, collapsed across the other factors. Without removing
outliers, the coverage probabilities were always close to the nomi-
nal coverage probability of 95% (93%—-96%). In contrast, when
removing outliers, the coverage probabilities were typically much
reduced. Without removing outliers, the estimates were never
biased. All the estimated relative biases were between —0.30%
and 0.09%. Mathematical derivations indeed show that the true
bias is O for both Welch’s ¢t (Lehmann and Casella, 2003,
Example 4.7) and Brunner—-Munzel’s test (Brunner et al., 2019,
Result 3.1) for all the simulated conditions. In contrast, when
removing outliers across groups, the estimates were typically
biased.

1737

The problems were evident across all the sample sizes, tests, out-
lier removal techniques, distributions, cutoffs, and VRs (see
Appendix A). With larger cutoffs, the problems became less pro-
nounced: coverage probabilities increased and biases decreased.
However, problems were still severe even for the largest cutoff (3):
coverage probabilities were as low as 0%. In some conditions, the
confidence intervals thus never contained the true value. Relative
bias was as great as —115% and hence substantial enough to
wrongly conclude that the values in the control group were larger.

Problems were found across all sample sizes. Bias did not depend
on the sample size. For example, for the condition with distribution
“log-normal,” outlier removal method “MAD,” cutoff 2, VR =1,
and Welch’s r-test, the estimated relative bias was —16%, regardless
of the sample size. The coverage reduced as the sample size
increased; for the condition just mentioned, for example, the cover-
age values steadily decreased from 86% for the smallest sample size
to 0% for the largest sample size.

Figure 1
Summary of Results When Removing Outliers Across Groups
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Note. Thered lines mark the nominal coverage probability of 100% — o. = 95%, a bias of 0, and a power

difference of 0, respectively. See the online article for the color version of this figure.
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In terms of power, the results are more ambiguous. Removing out-
liers across groups can increase or decrease the power. In some
cases, the power was even improved when the differences were
underestimated, which might seem paradoxical. I will discuss this
result in more detail in the next section.

Explanation: Removing Outliers Across Groups Biases
Difference Estimates and Standard Errors

To explain why removing outliers across groups leads to the pre-
sented results, I will focus on a few selected conditions. First, I will
look at the condition: distribution “normal,” sample size 250, outlier
removal method “z-score,” cutoff 2, VR = 1, and Welch’s ¢-test. The
relative bias was —18% and the coverage probability was 56% for
this condition. Figure 2 shows why: without removing outliers, the
estimated mean difference is close to the true mean difference, and
the confidence interval contains the true value. In the control
group, primarily values below the mean (of the control group) are
removed, whereas, in the treatment group, primarily values above
the mean (of the treatment group) are removed. This is caused by
the difference in means between the two groups. As a consequence,
after outlier removal, the sample mean of the control group is artifi-
cially increased and the sample mean of the treatment group is arti-
ficially decreased. This, in turn, leads to an underestimation of the
true mean difference and the outcome that the confidence interval
does not contain the true value.

The fact that the bias induced by removing outliers is constant
across sample sizes, as discussed earlier, explains why the coverage
steadily decreases with increasing sample size. As the sample size
increases, the standard error and hence the width of the confidence
interval decrease. Consequently, the confidence interval contains
only a narrow range of values around the biased estimated mean dif-
ference in large samples.

It should be noted that although removing outliers always leads
to an underestimation of the mean difference for all conditions
examined in the simulation study, it can also lead to overestimating
the difference. This is the case, for example, for the following sce-
nario, which was not included in the design of the simulation study:
distribution “log-normal,” outlier removal method “MAD,” cutoff
2, the true mean difference in favor of the treatment group 0.2, and
control group having four times more variance. In this scenario,
removing outliers across groups overestimates the mean difference
by 191%.

As well as biasing parameter estimates, removing outliers across
groups can also lead to underestimating the standard error. This
explains the seemingly paradoxical result that the power can be
improved by removing outliers, despite an underestimated mean dif-
ference. I will explain this on the basis of the condition: distribution
“log-normal,” sample size 50, outlier removal method “MAD,” cut-
off 3, VR = 1, and Welch’s #test. For this condition, the mean dif-
ference was underestimated by 11%. However, the power was
greater (94.90%) than without removing outliers (54.52%).
Figure 3 shows why: without removing outliers, the confidence
interval is relatively wide and contains 0. Consequently, the null
hypothesis is not rejected. In both groups, the largest values are
removed, which leads to a decrease in variance for both groups, giv-
ing a reduced standard error and hence a narrower confidence inter-
val. As a result, the confidence interval does not contain 0 and the
null hypothesis is rejected. The fact that removing outliers increases

KARCH

the power in some conditions might seem like a favorable property.
However, it is not, as it is caused by underestimating the uncertainty
in the parameter estimates, which invalidates confidence intervals.

In summary, if the values in one group tend to be larger, removing
outliers biases the parameter and uncertainty estimates, and also
invalidates confidence intervals.

Null Hypothesis True: Removing Outliers Across Groups
Can Bias Difference Estimates and Inflate Type I Error
Rates

In this section, I will demonstrate that removing outliers can also
lead to problems if the values in both groups tend to be equally large;
that is, if the null hypothesis is true.

Design

The design for this simulation study was almost identical to the
design used for the first one. Specifically, I used the same sample
sizes, within-group distributions, outlier removal methods, cutoffs,
and statistical tests. The first difference was that the data were created
such that the null hypotheses of the tests were true; that is, I did not
add 0.8 to the treatment group. The second difference was that I only
considered a VR of VR = 4. I did not consider VR = 1 here because
this would give completely equal distributions across groups, and
removing outliers across groups does not invalidate statistical results
for this scenario, as André (2022) demonstrated.

I obtained Type I error rates and biases”* as outcome variables.

Results: Removing Outliers Across Groups Biases
Difference Estimates and Inflates Type I Error Rates

The full results are shown in Appendix B. Figure 4 summarizes
the results for each outlier removal method and cutoff combination,
collapsed across the other factors. Without removing outliers, the
Type I error rates were always close to the nominal error rate of
5% (5%—T7%). In contrast, the Type I error rate was often severely
inflated when removing outliers (5%—100%). Similarly, without
removing outliers, the parameter estimates were never biased. In
contrast, when removing outliers across groups, the difference
between the groups was typically overestimated (bias range: 0.04—
0.85).

The problems were evident in almost all conditions. The only
exception was normal data, for which no bias was observed and
the type I error rates were only slightly inflated. The bias was
again constant across sample sizes (see Table B2), and the Type I
error rate became greater with increasing sample sizes (see
Table B1).

Explanation: Removing Outliers Across Groups Creates
False Group Differences

To explain the results, I will focus on the following condition:
distribution “log-normal,” sample size 250, outlier removal
method “z-score,” cutoff 3, and Welch’s r-test. Note that the
Type I error rate was 60.69% for this condition. Figure 5 visualizes

41 chose bias here instead of relative bias, because the relative bias is not
defined when the true mean difference is 0.
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Figure 2
Demonstration That Removing Outliers Across Groups Introduces
Bias

Before Removal After Removal
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Note. Responses that are considered outliers are marked orange. The
uncertainty bands visualize the 95% confidence intervals for the difference
in means, as obtained by Welch’s r-test. The red line marks the true mean
difference. See the online article for the color version of this figure.

why: without removing outliers, the sample means are almost
identical and Welch’s t-test correctly does not reject the null
hypothesis of equal means. Due to the positive skew of the data,
only large values (>8.31) are removed in both groups.
Consequently, in both groups, removing outliers reduces the
mean. However, in the treatment group, many more values exceed
the cutoff of 8.31, because it has a larger variance. As a result, the
mean is reduced more in the treatment group, which creates a false

Figure 3
Demonstration That Removing Outliers Leads to Underestimated
Standard Errors

Before Removal After Removal
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Note. Responses that are considered outliers are marked orange. The
uncertainty bands visualize the 95% confidence intervals for the difference
in means, as obtained by Welch’s #-test. The red line marks the true mean
difference. The dashed line marks 0, the mean difference postulated by the
null hypothesis. See the online article for the color version of this figure.

mean difference. At the same time, the variance in both groups
and, hence the width of the confidence intervals are substantially
decreased. In combination, these two phenomena lead to incor-
rectly rejecting the null hypothesis.

In summary, if the distributions of the two groups are
different, for example, due to unequal variances, there is a sub-
stantial probability that removing outliers across groups will
lead to falsely concluding that the values in one group tend to
be larger.

Null Hypothesis False: Hypothesis-blind Outlier
Exclusion Invalidates Regression Estimates and
Confidence Intervals

In this last section, I will show that also for regression models,
hypothesis-blind outlier removal invalidates confidence inter-
vals and biases parameter estimates if the null hypothesis is
false. As a reminder: removing outliers across groups is a special
case of the more general strategy of hypothesis-blind outlier
removal. For regression, hypothesis-blind outlier removal
involves removing outliers using a regression model that does
not contain the independent variables of interest. More specifi-
cally, consider a regression model that tests whether an indepen-
dent variable X is associated with a dependent variable Y,
controlling for a covariate W. The regression model testing this
hypothesis is

Yi=Bo+BXi+B,Wi+e (D

where €; represents the residuals and the null hypothesis is Hy :
B1 =0. A common outlier removal approach is to investigate the
model residuals, that is, the difference between the predicted and
actual values of the dependent variable, and to remove data points
with residuals exceeding a certain cutoff. Because it uses the full
model shown in Equation 1 to calculate the residuals, this approach
is hypothesis-aware (André, 2022). In contrast, the hypothesis-
blind approach uses the following reduced model to obtain the
residuals

Yi=Bo+ B Wi+e. 2

This crucially does not include the independent variable X as a
predictor.

Design

The design was again almost the same as the one used by André
(2022). More specifically, the full model shown in Equation 1 was
used to generate the data. Residuals were obtained from the
reduced model (Equation 2). Data points with a standardized
residual < —2 or > 2 were removed. The design involved orthog-
onally crossing the factors sample size (50, 100, 250, 1,000, and
10,000), distribution of the independent variable X (normal and
categorical), and distribution of the error € (normal, normal
with outliers, and log-normal).” The covariate W was always dis-
tributed according to a standard normal distribution. As the true
regression coefficients for the intercept and the covariate, 1 was

5 See the code in the supplemental material (https:/osf.io/xt8zd/) for a
detailed description of the distributions used.
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Figure 4
Type I Error Rates and Biases When Removing Outliers Across Groups
Welch's t Test Brunner-Munzel's Test Threshold
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Note. The red lines mark the nominal type I error rate of o. = 5%, and a bias of 0 respectively. See the

online article for the color version of this figure.

used (Bo=P;=1). The only relevant difference compared to
André€ is that they set the true coefficient for the variable of inter-
est X at B; = 0, as they were focusing on Type I error rates for test-
ing Hp:B; =0, whereas I set the true coefficient at f; =1, and
focused on relative biases and the coverage probabilities for the
coefficient B;.

Results: Hypothesis-Blind Outlier Removal Invalidates
Parameter Estimates and Confidence Intervals

The full results are shown in Appendix C. In Figure 6, I summa-
rize the results. The coverage probabilities were always reduced for
hypothesis-blind outlier removal (0%—93%). In contrast, they were
always close to the nominal value of 95% without outlier removal
(95%-96%). Similarly, when removing outliers, the estimates
were always substantially biased (relative bias range: —13% to

Figure 5 . . . .
—6%), whereas this was never the case without removing outliers.

Demonstration That Removing Outliers Across Groups Creates
False Group Differences

Before Removal After Removal

Figure 6
3 15 3 15 Coverage Probabilities and Relative Biases For Hypothesis-Blind
c c . . .
S 10 S 10 Outlier Removal in a Regression Model
(7] 5 17} 5
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Control  Treatment Control  Treatment Note. The boxplots visualize the coverage probabilities and relative
biases obtained across all cells of the simulation study, that is, across dif-
Note. Responses that are considered outliers are marked orange. The ferent sample sizes and distributions for the dependent and error variables.

p-value is obtained using Welch’s #-test. The uncertainty bands visualize
the 95% confidence intervals for the group means. See the online article
for the color version of this figure.

The red lines mark the nominal coverage probability of 100% — o. = 95%,
and a bias of 0, respectively. See the online article for the color version of
this figure.
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Discussion

André (2022) recommended hypothesis-blind outlier removal
instead of hypothesis-aware outlier removal, arguing that it does
not lead to inflated Type I error rates. In contrast, I demonstrated
that hypothesis-blind outlier removal leads to problems similar to
those created by hypothesis-aware outlier removal. Specifically,
when the null hypothesis is false, it is almost always the case that
parameter estimates are biased and confidence intervals invalidated.
Problems are less severe when the null hypothesis is true. However,
when comparing two groups, inflated Type I error rates and biased
parameter estimates still occur if variances are unequal and data
nonnormal.

The primary reason that the disadvantages of hypothesis-blind
outlier removal were not revealed by André (2022) was their focus
on Type I error rates. As they explained, hypothesis-aware outlier
removal assumes that the null hypothesis is false, which leads to
problems if the null hypothesis is true. However, hypothesis-blind
outlier removal assumes that the null hypothesis is true, which
leads to problems if it is false. This was not uncovered by André,
as they only investigated situations where the null hypothesis was
true. In contrast, I showed that when the null hypothesis is false,
hypothesis-blind outlier removal almost always invalidates statistical
results.

André did not uncover that for comparing groups hypothesis-
blind outlier removal can also lead to problems when the null
hypothesis is true for the following reasons. Removing outliers
across groups not only assumes that the null hypothesis is true but
also that the distribution of values is identical in all aspects across
the groups. If this is not the case, for example, due to variance dif-
ferences, removing outliers across groups can inflate Type I error
rates and bias parameter estimates, as I demonstrated. This disadvan-
tage of hypothesis-blind outlier removal was not revealed by André
because, in their simulation studies, the distributions were always
identical across groups

In practice, hypothesis-blind outlier removal is more problematic
when the null hypothesis is false. If the null hypothesis is false, the
central assumption of hypothesis-blind outlier removal (null hypoth-
esis is true) is violated. Consequently, hypothesis-blind outlier
removal essentially guarantees that parameter estimates and confi-
dence intervals are invalidated (see Figures 1 and 6). This is the
main reason to avoid hypothesis-blind outlier removal.

How often hypothesis-blind outlier removal will lead to problems
in practice when the null hypothesis is true is less certain. It depends
on whether it is likely that the values of two groups will tend to be
equally large but differ in some other property, such as having
unequal variances, and deviating from normality. Concerning nor-
mality, the evidence is clear: real data are seldom perfectly normal
(Micceri, 1989). With regard to unequal variances, Grissom
(2000) claimed that it is “difficult to find an example in which ...
groups differ in variability but not in means.” However, there are
examples where this was the case (Dykiert et al., 2012; Johnson et
al., 2008). Whether one can assume equal variances under the null
or not is prominently discussed in the literature concerning the
proper usage of the #-test. The consensus is not to assume equal var-
iances and instead use the unequal variances t-test by default
(Delacre et al., 2017; Hayes and Cai, 2007; Ruxton, 2006). The rea-
soning is that for a particular data set, it is almost impossible to deter-
mine whether population variances are equal; Type I error rates can
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be inflated if variances are unequal; and not much is lost by giving up
the equal variances assumption (Delacre et al., 2017). Similarly, for
hypothesis-blind outlier removal, it is almost impossible to exclude
the possibility that the groups differ in some property that does not
lead to the values in one group tending to be larger; Type I error rates
can be inflated if this is the case; and not much is lost by giving up
this assumption (see the next section). Thus, even considering Type I
error rates alone, outliers should not be removed using a hypothesis-
blind procedure.

Synthesizing the arguments presented by André (2022) and this
paper thus leads to the following conclusion. Data points must not
be automatically removed solely because they are deemed outliers,
whether the procedure used is hypothesis-aware or hypothesis-blind.

How to Handle Outliers Correctly

In this subsection, I advise on how to handle outliers correctly.
The general principle of my advice is not to remove outliers but
instead to use robust statistical methods. This has already been rec-
ommended as a valid alternative to hypothesis-aware outlier removal
(Bakker and Wicherts, 2014; Wilcox, 1998), and André (2022) also
briefly discussed robust techniques as a valid alternative to
hypothesis-blind outlier removal.

First, outliers and erroneous values should be treated differently
(Stevens, 2012). As a reminder: an outlier is a value that is too far
removed from the rest of the data, whereas an erroneous value can
clearly be identified as incorrect, for example, due to malfunction
of a measurement device, errors during data input, or just being
deemed impossible. Importantly, a data point can be erroneous but
not an outlier, and vice versa.

Erroneous values should be identified and then corrected or
deleted (Stevens, 2012). After removing incorrect values, one can
run a standard technique. However, this implicitly assumes that
there are no—or very few—erroneous values left, as even a small
amount of erroneous data can completely invalidate the results of
standard techniques, especially if they are also outliers (Wilcox,
2016). Using standard techniques is thus only appropriate if it is cer-
tain that the cleaned data contain almost no erroneous values.

Otherwise, robust approaches should be employed. The central
idea of robust statistics is that instead of safeguarding the sensitive
standard techniques by removing outliers, outliers are not removed;
rather, techniques are designed to be inherently robust to outliers
(Wilcox, 2016). For comparing two means, the robust approach
that most closely implements the general philosophy of removing
outliers is Yuen—Welch’s test, as it completely ignores the most
extreme values within each group. It is thus akin to hypothesis-aware
outlier removal. However, it crucially does not suffer from Type I
error inflation, biased parameter estimates, or invalid confidence
intervals (Wilcox, 1998). Hence, it can be recommended as the
default alternative to removing outliers when comparing two
means. There are, nevertheless, many viable alternatives, such as
comparing M-estimators and medians. I refer the reader to Wilcox
(2016), Chapters 8 and 12 for more extensive guidance in choosing
the appropriate approach.

Nonparametric, rank-based tests for comparing two groups, like
the Wilcoxon—Mann—Whitney or the better Brunner—Munzel test,
are already reasonably robust to outliers, because they only consider
the rank order of the data. Consequently, these tests can be recom-
mended for use without removing outliers. It is important to note,



This document is copyrighted by the American Psychological Association or one of its allied

J

>minated broadly.

nd is not to be diss

This article is intended solely for the personal use of the individual user

1742

however, that they do not test the equality of means (Karch, 2021a)
and are therefore not appropriate alternatives for comparing means.

For regression, a multitude of robust techniques exist. Wilcox
(2016), Chapter 15 provides an overview that will help in selecting
the most appropriate technique for a particular task.

Transparency and Openness

The OSF repository of the project (https:/ost.io/xt8zd/) contains
supplemental material as well as the code and files needed to repro-
duce all the analyses, the figures, and the code for typesetting the
article itself.
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Appendix A
Results of Comparing Groups: Null Hypothesis False

Equal Variances Unequal Variances
See Figure Al and Tables A1, A2, and A3. See Figure A2 and Tables A4, A5, and A6.
Figure A1
Summary of Results When Removing Outliers Across Groups; Equal Variances
o Welch's t Test Brunner-Munzel's Test Threshold
63 Z 100% 4 — - B 1
o 9 = Q
3 ’ g & -
2 < 75% e |l 75% .
2 E o . B s
< g o 50% © 50% - . .
2 )
3 ]
3 © 25% - Lt 25% - .
. o (0]
< 8 o .o .
o 2 8 0% - o oo ° . 0% - .0 .. s
= 8 T 2 T \Q IQ\ T T 2 Iég IQ\ T
= & ,Vé’o NS\ & & & ¥ 1-0=95%
2 Welch's t Test Brunner-Munzel's Test
E 0.0% +—— 6.0%
g i
E % -10.0% - " 3.0% —
2 2 20.0% 0.0% - e Wlh_
3 © ’ 0
; 00:3 -30.0% -3.0% -
E -40.0% T T T T T T T T
2 e & e
5 & < \OQ~ & & e \OQ~ @vo
o v v
"i Welch's t Test Brunner-Munzel's Test
= )
° Q o . cc. 3. 3. L3
-f; § 40% .. . 0.0% — Tt T
e L 20% citoite i 50% . .
g a . . -10.0% 0
= (TJ 0% — e e -_?_'%! . .
; g -15.0% .
2 o -20% T . T 1 = T T 1 —
] ] > Q & > 9
S &SP
=

Outlier Removal Approach

Note. Thered lines mark the nominal coverage probability of 100% — o= 95%, a bias of 0, and a power
difference of O respectively. See the online article for the color version of this figure.

(Appendices continue)
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Table A1
Coverage Probabilities When Removing Outliers Across Groups; Equal Variances
IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3

Welch Normal 50 95 93 .95 .95 49 82 .94 52 .86 95
Welch Normal 100 95 93 95 95 .26 75 94 24 .78 94
Welch Normal 250 95 92 95 .95 .03 S5 94 01 .56 94
Welch Normal 1,000 95 .88 95 95 .00 .09 93 .00 .06 93
Welch Normal 10,000 95 41 94 .95 .00 .00 .84 .00 .00 .83
Welch Normal mixture 50 95 94 95 94 .60 .86 95 87 94 95
Welch Normal mixture 100 95 94 95 93 39 .82 .95 82 94 93
Welch Normal mixture 250 95 93 93 90 .09 .69 94 .67 92 90
Welch Normal mixture 1,000 .95 .89 .87 75 .00 25 91 17 .86 71
Welch Normal mixture 10,000 95 43 21 .02 .00 .00 52 .00 22 .01
Welch Log-normal 50 .96 92 93 .94 75 .86 91 93 .94 .95
Welch Log-normal 100 95 90 92 94 .63 .78 .89 92 94 95
Welch Log-normal 250 95 82 .88 93 32 .56 81 88 92 .94
Welch Log-normal 1,000 95 49 .70 87 .00 .06 45 .67 83 92
Welch Log-normal 10,000 .95 .00 .01 .28 .00 .00 .00 .00 A5 .69
BM Normal 50 95 94 95 95 90 94 95 91 94 95
BM Normal 100 95 95 95 .95 84 93 .95 85 94 95
BM Normal 250 95 95 95 95 .65 90 95 .65 90 95
BM Normal 1,000 95 94 95 .95 a2 73 .95 10 73 95
BM Normal 10,000 95 .89 95 95 .00 .01 94 .00 .01 94
BM Normal mixture 50 95 93 94 .95 94 93 93 94 93 .94
BM Normal mixture 100 95 92 93 95 93 93 92 94 92 94
BM Normal mixture 250 95 89 92 .95 91 93 90 94 90 .94
BM Normal mixture 1,000 95 72 83 95 .80 .89 74 91 75 94
BM Normal mixture 10,000 .95 01 A1 95 .07 44 .02 .60 .02 .85
BM Log-normal 50 95 90 92 93 81 .86 90 91 92 94
BM Log-normal 100 95 .88 91 93 72 .80 .88 90 92 94
BM Log-normal 250 95 .82 87 92 45 .62 81 .86 90 93
BM Log-normal 1,000 95 50 .68 85 .02 a1 47 .66 81 91
BM Log-normal 10,000 95 .00 .00 22 .00 .00 .00 .00 12 .63

Note. Coverage probabilities are boldface if they are substantially too low (< 0.94). N = sample size, BM = Brunner—-Munzel’s test. None, IQR, MAD, and z-
score were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff used by the
respective outlier removal approach.

(Appendices continue)
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Table A2
Relative Biases When Removing Outliers Across Groups; Equal Variances
IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3

Welch Normal 50 0.00 —0.05 —0.01 —0.00 —0.40 —-0.19 —0.03 —0.40 —0.18 —0.02
Welch Normal 100 0.00 —0.04 —0.01 —0.00 —0.40 —0.19 —0.02 —0.40 —0.18 —0.02
Welch Normal 250 0.00 —0.04 —0.01 —0.00 —0.40 —0.18 —0.02 —0.40 —0.18 —0.02
Welch Normal 1,000 0.00 —0.04 —0.00 0.00 —0.40 —0.18 —0.02 —0.40 —0.18 —0.02
Welch Normal 10,000 0.00 —0.04 —0.00 —0.00 —0.40 —0.18 —0.02 —0.40 —0.18 —0.02
Welch Normal mixture 50 0.00 —0.05 —0.06 —0.08 —0.35 —0.16 —0.05 —0.17 —0.06 —0.08
Welch Normal mixture 100 0.00 —0.05 —0.06 —0.08 —0.35 —-0.15 —0.04 —0.16 —0.06 —-0.09
Welch Normal mixture 250 0.00 —0.04 —0.05 —0.09 —0.35 —0.15 —0.04 —0.16 —0.05 —0.09
‘Welch Normal mixture 1,000 0.00 —0.04 —0.05 —0.09 —0.35 —0.15 —0.04 —0.16 —0.05 —0.09
Welch Normal mixture 10,000 0.00 —0.04 —0.05 —0.09 —0.35 —0.14 —0.04 —0.16 —0.05 —0.09
Welch Log-normal 50 0.00 —0.11 —0.09 —0.06 —0.21 —0.16 —0.11 —0.10 —0.07 —0.04
Welch Log-normal 100 0.00 —-0.11 —0.09 —0.06 —0.20 —0.16 —0.11 —0.09 —-0.07 —0.04
Welch Log-normal 250 0.00 —0.11 —0.09 —0.06 —0.19 —0.16 —0.11 —0.09 —0.07 —0.04
Welch Log-normal 1,000 0.00 —-0.11 —0.09 —0.06 —0.19 —0.16 —0.11 —0.09 —0.06 —0.04
Welch Log-normal 10,000 0.00 —0.11 —0.09 —0.06 —0.19 —0.16 —0.11 —0.09 —0.06 —0.04
BM Normal 50 0.00 —0.01 —0.00 —0.00 —0.05 —0.02 —0.00 —0.05 —0.02 —0.00
BM Normal 100 0.00 —0.00 —0.00 0.00 —0.05 —0.02 —0.00 —0.05 —0.02 —0.00
BM Normal 250 0.00 —0.00 —0.00 0.00 —0.05 —0.02 —0.00 —0.05 —0.02 —0.00
BM Normal 1,000 0.00 —0.00 —0.00 0.00 —0.05 —0.02 —0.00 —0.05 —0.02 —0.00
BM Normal 10,000 0.00 —0.00 —0.00 0.00 —0.05 —0.02 —0.00 —0.05 —0.02 —0.00
BM Normal mixture 50 0.00 0.02 0.01 0.00 —0.02 0.01 0.02 0.01 0.02 0.00
BM Normal mixture 100 0.00 0.02 0.01 0.00 —0.02 0.01 0.02 0.01 0.02 0.00
BM Normal mixture 250 0.00 0.02 0.01 —0.00 —0.02 0.01 0.02 0.01 0.02 0.00
BM Normal mixture 1,000 0.00 0.02 0.01 —0.00 —0.02 0.01 0.02 0.01 0.02 0.00
BM Normal mixture 10,000 0.00 0.02 0.01 —0.00 —0.02 0.01 0.02 0.01 0.02 0.00
BM Log-normal 50 0.00 0.03 0.02 0.01 0.06 0.05 0.03 0.03 0.02 0.01
BM Log-normal 100 0.00 0.03 0.02 0.01 0.06 0.05 0.03 0.02 0.02 0.01
BM Log-normal 250 0.00 0.03 0.02 0.01 0.06 0.05 0.03 0.02 0.02 0.01
BM Log-normal 1,000 0.00 0.03 0.02 0.01 0.06 0.05 0.03 0.02 0.02 0.01
BM Log-normal 10,000 0.00 0.03 0.02 0.01 0.06 0.05 0.03 0.02 0.01 0.01

Note. Relative bias estimates are boldface if they are substantially different from zero (< 0.01 or > 0.01). N = sample size; BM = Brunner—Munzel’s test.
None, IQR, MAD, and z-score were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to
the cutoff used by the respective outlier removal approach.

(Appendices continue)
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Table A3
Power When Removing Outliers Across Groups; Equal Variances
IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3

Welch Normal 50 98 97 98 98 80 92 97 81 94 98
Welch Normal 100 1.00 1.00 1.00 1.00 97 1.00 1.00 98 1.00 1.00
Welch Normal 250 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal mixture 50 17 95 93 .80 .82 93 95 93 95 .83
Welch Normal mixture 100 .96 1.00 1.00 97 98 1.00 1.00 1.00 1.00 98
Welch Normal mixture 250 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal mixture 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal mixture 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Log-normal 50 55 94 91 .84 98 98 95 91 .87 78
Welch Log-normal 100 77 1.00 1.00 98 1.00 1.00 1.00 99 99 .96
Welch Log-normal 250 97 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Log-normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Log-normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal 50 97 96 97 97 .79 92 97 81 93 97
BM Normal 100 1.00 1.00 1.00 1.00 97 1.00 1.00 98 1.00 1.00
BM Normal 250 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 50 93 95 95 93 81 92 96 92 95 94
BM Normal mixture 100 1.00 1.00 1.00 1.00 98 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 250 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Log-normal 50 98 99 99 98 .98 .99 99 99 98 98
BM Log-normal 100 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Log-normal 250 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Log-normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Log-normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Note. Power estimates are boldface if removing outliers decreased the power. N = sample size; BM = Brunner—Munzel’s test. None, IQR, MAD, and z-score
were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff used by the
respective outlier removal approach.
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Figure A2
Summary of Results When Removing Outliers Across Groups; Unequal Variances
Welch's t Test Brunner-Munzel's Test Threshold
=y —_ B3 15
E
T 75% 75% B3 2
° : B 3
o 50% - . 50%
>
©  25% 25%
o
(>3 0% 0%
(@) © Ty 1 © IQ~ 10 o
& ,ve"o NCE\4 — 1-4=95%
Welch's t Test Brunner-Munzel's Test
0%
o 0.0% -
o
m
-50% -
g -5.0%
I — 0
é -100% - -10.0% -
T T 1 T T T T T
& LD ¢ & L ¥
(\00 1:%0 \O @V‘ (\0(\ 1:60 \0 @V‘
Welch's t Test
®
o 100% -
% 0%
pust -25%
g 50%
5 -50% o,
g 75% 0% |
S .100% - sl e
o T T 1T T
@ N\
& /vgoo \OQ“ @‘?0

Outlier Removal Approach

Note. The red lines mark the nominal coverage probability of 100% — o. = 95%, a bias of 0, and a power
difference of O respectively. See the online article for the color version of this figure.
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Table A4
Coverage Probabilities When Removing Outliers Across Groups; Unequal Variances
IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3

Welch Normal 50 95 .89 93 .95 S5 77 92 76 .88 94
Welch Normal 100 95 .87 93 95 32 .65 90 .62 .84 94
Welch Normal 250 95 .81 92 .95 .05 .36 .86 29 72 93
Welch Normal 1,000 95 52 .86 95 .00 .01 .66 .00 27 90
Welch Normal 10,000 95 .00 33 .94 .00 .00 .00 .00 .00 52
Welch Normal mixture 50 95 a7 77 75 .50 .67 77 81 .78 77
Welch Normal mixture 100 95 .62 58 55 25 47 .60 1 .62 57
Welch Normal mixture 250 95 28 19 .16 .02 13 24 46 .26 18
‘Welch Normal mixture 1,000 95 .00 .00 .00 .00 .00 .00 .02 .00 .00
Welch Normal mixture 10,000 95 .00 .00 .00 .00 .00 .00 .00 .00 .00
Welch Log-normal 50 93 .19 31 54 .00 .01 .09 35 S1 73
Welch Log-normal 100 94 .03 .10 31 .00 .00 .01 15 32 .61
Welch Log-normal 250 94 .00 .00 .05 .00 .00 .00 01 07 35
Welch Log-normal 1,000 95 .00 .00 .00 .00 .00 .00 .00 .00 .02
Welch Log-normal 10,000 .95 .00 .00 .00 .00 .00 .00 .00 .00 .00
BM Normal 50 95 94 94 .95 90 92 94 93 93 95
BM Normal 100 95 94 .94 .95 87 I1 .94 92 93 95
BM Normal 250 95 93 94 95 77 87 94 91 93 95
BM Normal 1,000 95 91 94 .95 37 .68 92 81 90 .94
BM Normal 10,000 95 .60 .89 .95 .00 .01 .67 12 57 92
BM Normal mixture 50 95 95 95 .94 93 93 .95 93 .95 94
BM Normal mixture 100 95 95 94 93 93 94 95 93 94 93
BM Normal mixture 250 95 95 93 .89 92 93 .94 92 93 .89
BM Normal mixture 1,000 95 95 .84 .68 91 94 92 84 90 .70
BM Normal mixture 10,000 .95 92 14 .00 .79 94 .66 19 .46 .00
BM Log-normal 50 95 .86 .89 92 .67 73 83 90 92 94
BM Log-normal 100 95 .79 84 90 43 53 72 .86 90 93
BM Log-normal 250 95 57 .70 84 .08 17 43 75 85 92
BM Log-normal 1,000 95 .07 21 55 .00 .00 .01 33 .60 84
BM Log-normal 10,000 95 .00 .00 .00 .00 .00 .00 .00 .00 18

Note. Coverage probabilities are boldface if they are substantially too low (< 0.94). N = sample size; BM = Brunner—-Munzel’s test. None, IQR, MAD, and z-
score were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff used by the
respective outlier removal approach.
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Table AS
Relative Biases When Removing Outliers Across Groups; Unequal Variances

IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3
Welch Normal 50 0.00 —0.16 —0.08 —0.01 —0.52 -0.35 —0.14 —0.35 —0.20 —-0.05
Welch Normal 100 0.00 —0.16 —0.07 —0.01 —0.51 —-0.35 —0.13 —0.35 —0.20 —0.05
Welch Normal 250 0.00 —0.15 —0.07 —0.01 —0.51 —0.34 —0.13 —0.35 —0.20 —-0.05
Welch Normal 1,000 0.00 —0.15 —-0.07 —0.01 —-0.51 —0.34 —0.13 —0.35 —0.20 —0.05
Welch Normal 10,000 0.00 —0.15 —0.06 —0.01 —0.51 —0.34 —0.13 —0.35 —0.20 —-0.05
Welch Normal mixture 50 0.00 —0.46 —0.53 —0.57 —0.59 —0.50 —0.49 —0.37 —0.49 —0.54
Welch Normal mixture 100 0.00 —0.45 —0.53 —0.59 —0.59 —0.49 —0.48 —0.35 —0.49 —0.57
Welch Normal mixture 250 0.00 —0.44 —0.53 —0.59 —0.59 —0.49 —0.48 —0.34 —0.48 —0.58
‘Welch Normal mixture 1,000 0.00 —0.44 —0.52 —0.60 —0.59 —0.49 —0.47 —0.33 —0.48 —0.59
Welch Normal mixture 10,000 0.00 —0.43 —0.52 —0.60 —0.59 —0.49 —0.47 —0.33 —0.48 —0.59
Welch Log-normal 50 0.00 -1.06 —0.96 —0.79 -1.31 -1.27 —1.14 —0.93 —0.80 —0.59
Welch Log-normal 100 0.00 —1.06 —0.96 —0.79 —-1.32 —-1.27 —1.14 —0.92 —-0.79 —0.58
Welch Log-normal 250 0.00 —1.06 —0.96 —0.79 —-1.33 —-1.27 —1.14 —0.91 —0.77 —0.57
Welch Log-normal 1,000 0.00 —1.06 —0.96 —0.79 —-1.33 —1.28 —1.14 —0.90 —0.76 —0.55
Welch Log-normal 10,000 0.00 -1.06 —0.96 —0.79 —1.34 —1.28 -1.15 —0.89 —0.76 —0.55
BM Normal 50 0.00 —-0.01 —0.00 —0.00 —0.04 —0.03 —0.01 —0.02 —0.01 —0.00
BM Normal 100 0.00 —0.01 —0.00 —0.00 —0.04 —0.03 —0.01 —0.02 —0.01 —0.00
BM Normal 250 0.00 —0.01 —0.00 —0.00 —0.04 —0.03 —0.01 —0.02 —0.01 —0.00
BM Normal 1,000 0.00 —0.01 —0.00 —0.00 —0.04 —0.03 —0.01 —0.02 —0.01 —0.00
BM Normal 10,000 0.00 —0.01 —0.00 —0.00 —0.04 —0.03 —0.01 —0.02 —0.01 —0.00
BM Normal mixture 50 0.00 —0.01 —0.02 —0.02 —0.01 —0.00 —0.01 0.01 —0.01 —0.02
BM Normal mixture 100 0.00 —0.00 —0.02 —0.02 —0.01 —0.00 —0.01 0.01 —0.01 —0.02
BM Normal mixture 250 0.00 —0.00 —0.02 —0.02 —0.01 —0.00 —0.01 0.01 —0.01 —0.02
BM Normal mixture 1,000 0.00 —0.00 —0.02 —0.02 —0.01 —0.00 —0.01 0.02 —0.01 —0.02
BM Normal mixture 10,000 0.00 —0.00 —0.02 —0.02 —0.01 —0.00 —0.01 0.02 —0.01 —0.02
BM Log-normal 50 0.00 —0.06 —0.05 —0.03 —0.13 —0.11 —0.08 —0.05 —0.03 —0.02
BM Log-normal 100 0.00 —0.06 —0.05 —0.03 —0.13 —0.11 —0.08 —0.05 —0.03 —0.02
BM Log-normal 250 0.00 —0.06 —0.05 —0.03 —-0.13 —-0.11 —0.08 —0.04 —0.03 —0.02
BM Log-normal 1,000 0.00 —0.06 —0.05 —0.03 -0.13 —0.11 —0.08 —0.04 —0.03 —0.02
BM Log-normal 10,000 0.00 —0.06 —0.05 —0.03 —0.13 —0.11 —0.08 —0.04 —0.03 —0.02

Note. Relative bias estimates are boldface if they are substantially different from zero (< 0.01 or > 0.01). N= sample size; BM = Brunner—-Munzel’s test.
None, IQR, MAD, and z-score were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3)
refer to the cutoff used by the respective outlier removal approach.
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Table A6
Power When Removing Outliers Across Groups; Unequal Variances
IQR MAD z-score
Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3

Welch Normal 50 0.70 .62 .67 .70 38 50 .63 54 .62 .68
Welch Normal 100 94 .89 92 .94 .63 .78 90 82 .88 93
Welch Normal 250 1.00 1.00 1.00 1.00 94 99 1.00 99 1.00 1.00
Welch Normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Normal mixture 50 .38 29 21 16 .28 32 25 40 25 17
Welch Normal mixture 100 .69 52 .36 .26 47 55 45 .69 43 27
Welch Normal mixture 250 .98 90 71 52 .83 90 .84 97 78 54
Welch Normal mixture 1,000 1.00 1.00 1.00 98 1.00 1.00 1.00 1.00 1.00 98
Welch Normal mixture 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Log-normal 50 18 .02 .03 .06 .00 .00 01 .04 .06 A1
Welch Log-normal 100 .39 .02 .04 10 .00 .00 .01 .05 10 19
Welch Log-normal 250 .79 01 .05 18 .00 .00 .00 .09 20 44
Welch Log-normal 1,000 1.00 .01 .08 55 .00 .00 .00 22 .62 95
Welch Log-normal 10,000 1.00 .00 30 1.00 .00 .00 .00 93 1.00 1.00
BM Normal 50 .65 .58 .62 .65 .36 47 59 49 57 .63
BM Normal 100 92 .86 89 91 .60 75 87 a7 .85 90
BM Normal 250 1.00 1.00 1.00 1.00 93 .98 1.00 99 1.00 1.00
BM Normal 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 50 33 29 24 22 26 29 26 .36 27 22
BM Normal mixture 100 57 51 43 .38 43 .50 47 .62 47 .39
BM Normal mixture 250 92 .88 81 74 .78 .86 85 95 .84 74
BM Normal mixture 1,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal mixture 10,000 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Log-normal 50 .03 15 11 .08 35 .29 .18 11 .08 .05
BM Log-normal 100 .03 24 17 11 .60 .50 31 .16 11 .07
BM Log-normal 250 .04 48 34 .19 .94 .86 .63 .29 18 .10
BM Log-normal 1,000 .05 .96 .86 .56 1.00 1.00 .99 .76 52 24
BM Log-normal 10,000 15 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 .96

Note. Power estimates are boldface if removing outliers decreased the power. N = sample size; BM = Brunner—Munzel’s test. None, IQR, MAD, and z-score
were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff used by the
respective outlier removal approach.
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Appendix B
Results of Comparing Groups: Null Hypothesis True

Table B1
Type I Error Rates When Removing Outliers Across Groups
IQR MAD z-score

Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3
Welch Normal 50 .05 .06 .06 .05 .07 .07 .06 .07 .07 .06
Welch Normal 100 .05 .07 .06 .05 .07 .07 .06 .07 .07 .06
Welch Normal 250 .05 .07 .06 .05 .07 .07 .06 07 .07 .06
Welch Normal 1,000 .05 .07 .06 .05 .07 .07 .06 .08 .07 .06
Welch Normal 10,000 .05 .07 .06 .05 .07 .07 .06 .08 .07 .06
Welch Normal mixture 50 .05 12 17 23 .09 10 14 .09 .16 21
Welch Normal mixture 100 .05 19 .30 42 .10 A3 23 A1 26 39
Welch Normal mixture 250 .05 37 .61 82 15 22 47 .16 51 79
‘Welch Normal mixture 1,000 .05 .88 .99 1.00 35 .59 .96 .38 97 1.00
Welch Normal mixture 10,000 .05 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Welch Log-normal 50 07 5 .63 42 84 93 78 58 43 25
Welch Log-normal 100 .06 95 .87 .66 98 1.00 97 .80 .62 .36
Welch Log-normal 250 .06 1.00 1.00 95 1.00 1.00 1.00 98 90 .61
Welch Log-normal 1,000 .05 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 97
Welch Log-normal 10,000 .05 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
BM Normal 50 .05 .06 .05 .05 .07 .07 .06 .07 .07 .05
BM Normal 100 .05 .06 .05 .05 .07 .07 .06 .07 .07 .05
BM Normal 250 .05 .06 .05 .05 .07 .07 .06 .07 .06 .05
BM Normal 1,000 .05 .06 .05 .05 .07 .07 .06 07 07 .05
BM Normal 10,000 .05 .06 .05 .05 .07 .07 .06 .07 07 .05
BM Normal mixture 50 .05 .06 .06 .07 a1 .08 .06 .07 .06 .06
BM Normal mixture 100 .05 .06 .06 .08 14 .09 .06 .08 .06 .08
BM Normal mixture 250 .05 .06 07 14 24 A1 .06 A2 07 A3
BM Normal mixture 1,000 .05 .06 13 40 .64 25 .07 28 .08 .39
BM Normal mixture 10,000 .05 .09 72 1.00 1.00 96 15 99 33 1.00
BM Log-normal 50 .05 .09 .08 .06 22 13 .09 .08 .07 .06
BM Log-normal 100 .05 .14 11 .08 25 20 13 A1 .08 .06
BM Log-normal 250 .05 27 21 13 28 42 28 18 12 .07
BM Log-normal 1,000 .05 78 .62 .36 34 95 .80 50 31 13
BM Log-normal 10,000 .05 1.00 1.00 1.00 72 1.00 1.00 1.00 99 71

Note. Type I error rates are boldface if they are substantially too large (> .06). N = sample size; BM = Brunner—-Munzel’s test. None, IQR, MAD, and z-score
were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff used by the
respective outlier removal approach.
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Table B2
Biases When Removing Outliers Across Groups, Null Hypothesis True
IQR MAD z-score

Test Data N None 1.5 2 3 1.5 2 3 1.5 2 3
Welch Normal 50 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Welch Normal 100 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Welch Normal 250 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Welch Normal 1,000 0.00 0.00 —0.00 —0.00 0.00 0.00 0.00 —0.00 0.00 —0.00
Welch Normal 10,000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Welch Normal mixture 50 0.00 0.22 0.33 0.44 0.08 0.14 0.27 0.13 0.30 0.41
Welch Normal mixture 100 0.00 0.22 0.33 045 0.08 0.14 0.27 0.12 0.29 0.43
Welch Normal mixture 250 0.00 0.22 0.33 0.46 0.08 0.13 0.27 0.11 0.29 0.45
‘Welch Normal mixture 1,000 0.00 0.21 0.33 0.46 0.08 0.13 0.26 0.11 0.29 0.45
Welch Normal mixture 10,000 0.00 0.21 0.33 0.46 0.08 0.13 0.26 0.10 0.29 0.46
Welch Log-normal 50 0.00 0.76 0.70 0.59 0.71 0.83 0.77 0.67 0.59 0.44
Welch Log-normal 100 0.00 0.76 0.70 0.59 0.72 0.84 0.77 0.67 0.58 0.43
Welch Log-normal 250 0.00 0.76 0.70 0.59 0.73 0.85 0.77 0.66 0.57 0.42
Welch Log-normal 1,000 0.00 0.76 0.70 0.60 0.74 0.85 0.77 0.65 0.56 0.42
Welch Log-normal 10,000 0.00 0.76 0.70 0.60 0.74 0.85 0.77 0.65 0.56 0.41
BM Normal 50 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM Normal 100 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM Normal 250 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM Normal 1,000 0.00 0.00 0.00 —0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM Normal 10,000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BM Normal mixture 50 0.00 —0.00 0.01 0.02 —0.04 —0.02 0.00 —0.02 0.01 0.02
BM Normal mixture 100 0.00 —0.00 0.01 0.02 —0.04 —0.02 0.00 —0.02 0.01 0.02
BM Normal mixture 250 0.00 —0.00 0.01 0.02 —0.04 —0.02 0.00 —0.02 0.01 0.02
BM Normal mixture 1,000 0.00 —0.00 0.01 0.02 —0.04 —0.02 0.00 —0.02 0.01 0.02
BM Normal mixture 10,000 0.00 —0.00 0.01 0.02 —0.04 —0.02 0.00 —0.02 0.01 0.02
BM Log-normal 50 0.00 0.04 0.03 0.02 —0.00 0.05 0.04 0.03 0.02 0.01
BM Log-normal 100 0.00 0.04 0.03 0.02 0.00 0.05 0.04 0.03 0.02 0.01
BM Log-normal 250 0.00 0.04 0.03 0.02 0.01 0.05 0.04 0.03 0.02 0.01
BM Log-normal 1,000 0.00 0.04 0.03 0.02 0.01 0.05 0.04 0.03 0.02 0.01
BM Log-normal 10,000 0.00 0.04 0.03 0.02 0.01 0.05 0.04 0.03 0.02 0.01

Note. Bias estimates are boldface if they are substantially different from zero (< 0.01 or > 0.01). N = sample size; BM = Brunner-Munzel’s test. None, IQR,
MAD, and z-score were the outlier removal strategies. IQR = interquartile range; MAD = median absolute deviation. The numbers (1.5, 2, 3) refer to the cutoff
used by the respective outlier removal approach.
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Appendix C

Coverage Probabilities for Hypothesis-Blind Outlier Removal in a

Regression Model

Results of Regression

Table C2
Relative Biases for Hypothesis-Blind Outlier Removal in a
Regression Model

Data DV Data IV N None Blind Data DV Data IV N None Blind
Normal Normal 50 95 .84 Normal Normal 50 .00 —-.13
Normal Normal 100 .95 5 Normal Normal 100 .00 —-.13
Normal Normal 250 95 50 Normal Normal 250 .00 —-.13
Normal Normal 1,000 95 .03 Normal Normal 1,000 .00 —-.13
Normal Normal 10,000 95 .00 Normal Normal 10,000 .00 —-13
Normal Categorical 50 .95 .86 Normal Categorical 50 .00 —.08
Normal Categorical 100 95 .82 Normal Categorical 100 .00 —.08
Normal Categorical 250 .95 71 Normal Categorical 250 .00 —.08
Normal Categorical 1,000 95 .29 Normal Categorical 1,000 .00 —.08
Normal Categorical 10,000 95 .00 Normal Categorical 10,000 .00 —.08
Normal mixture Normal 50 95 .89 Normal mixture Normal 50 .00 —-.11
Normal mixture Normal 100 .95 85 Normal mixture Normal 100 .00 -.10
Normal mixture Normal 250 95 72 Normal mixture Normal 250 .00 -.10
Normal mixture Normal 1,000 95 24 Normal mixture Normal 1,000 .00 —.09
Normal mixture Normal 10,000 95 .00 Normal mixture Normal 10,000 .00 —.09
Normal mixture Categorical 50 .95 92 Normal mixture Categorical 50 .00 —.08
Normal mixture Categorical 100 95 90 Normal mixture Categorical 100 .00 —.07
Normal mixture Categorical 250 .95 .84 Normal mixture Categorical 250 .00 —.07
Normal mixture Categorical 1,000 95 .56 Normal mixture Categorical 1,000 .00 —.06
Normal mixture Categorical 10,000 .95 .00 Normal mixture Categorical 10,000 .00 —.06
Log-normal Normal 50 95 92 Log-normal Normal 50 .00 —.08
Log-normal Normal 100 .95 90 Log-normal Normal 100 .00 —.07
Log-normal Normal 250 95 85 Log-normal Normal 250 .00 —.07
Log-normal Normal 1,000 .95 .64 Log-normal Normal 1,000 .00 —.06
Log-normal Normal 10,000 95 .00 Log-normal Normal 10,000 .00 —.06
Log-normal Categorical 50 .96 93 Log-normal Categorical 50 .00 —.07
Log-normal Categorical 100 .96 91 Log-normal Categorical 100 .00 —.07
Log-normal Categorical 250 .95 87 Log-normal Categorical 250 .00 —.06
Log-normal Categorical 1,000 95 .66 Log-normal Categorical 1,000 .00 —.06
Log-normal Categorical 10,000 .95 .00 Log-normal Categorical 10,000 .00 —.06

Note. Coverage probabilities are boldface if they are substantially too low
(<0.94). N=sample size; DV =dependent variable; IV = independent

variable.

Note. Relative bias estimates are boldface if they are substantially different
from zero (< —0.0lor > 0.01). N = sample size; DV = dependent variable;
IV = independent variable.

Received January 21, 2022
Revision received November 18, 2022
Accepted December 01, 2022 =



	Outliers May Not Be Automatically Removed
	Null Hypothesis False: Removing Outliers Across Groups Invalidates Difference Estimates and Confidence Intervals
	Design
	Results: Removing Outliers Across Groups Invalidates Difference Estimates and Confidence Intervals
	Explanation: Removing Outliers Across Groups Biases Difference Estimates and Standard Errors

	Null Hypothesis True: Removing Outliers Across Groups Can Bias Difference Estimates and Inflate Type I Error Rates
	Design
	Results: Removing Outliers Across Groups Biases Difference Estimates and Inflates Type I Error Rates
	Explanation: Removing Outliers Across Groups Creates False Group Differences

	Null Hypothesis False: Hypothesis-blind Outlier Exclusion Invalidates Regression Estimates and Confidence Intervals
	Design
	Results: Hypothesis-Blind Outlier Removal Invalidates Parameter Estimates and Confidence Intervals

	Discussion
	How to Handle Outliers Correctly
	Transparency and Openness

	References
	Results of Comparing Groups: Null Hypothesis False
	Equal Variances
	Unequal Variances
	Results of Comparing Groups: Null Hypothesis True
	Results of Regression



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /None
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /None
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /None
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


