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Abstract

The present study introduces the application of the per-
mutation test to the Overlapping Index, an effect size
measure for comparing density distributions of groups or
conditions, to estimate effects of interest in psychological
science. Starting with common scenarios in psychologi-
cal science research, the paper highlights the importance
of relying on statistical methods that are resilient to the
complexities inherent in psychological data, where as-
sumption violations are often inevitable. A Simulation
study is presented to illustrate the practical implications
and reliability of the proposed test compared to com-
monly used alternatives. The findings demonstrate the
good control of Type I error of the ζ-Overlapping test
and how this approach outperforms in terms of power
all other tests considered in the simulation, already with
small samples. The paper offers practical guidance and
demonstrates the advantages of this method, emphasiz-
ing its potential to enhance transparency and rigor in
psychological data analysis by shifting focus from tra-
ditional significance testing to comprehensive distribu-
tional evaluations.

1 Statistical testing choices in
Psychology

Methodological choices in cognitive and behavioral sci-
ences aim to combine data richness with data collection
feasibility, and at the same time they aim to land on
valid interpretation based on reliable and robust sta-
tistical methods. Classic examples, like reaction times,
indicate how specific measures approximate a sufficient
trade-off across settings and techniques during the data
collection process, and for example, this is true by com-
paring the framework of in lab vs online data collec-

tion (Semmelmann & Weigelt, 2017). Nevertheless, even
in this case of reaction times which have widespread
and solid epistemic rationale of use (Grosjean, Rosen-
baum, & Elsinger, 2001; Proctor & Schneider, 2018;
Silverman, 2010) significance testing often relies on the
rigid application of a few statistical methods that have
gained popularity among the scientific community and
are perpetrated perinde ac cadaver by formal guidelines
(Cumming, Fidler, Kalinowski, & Lai, 2012), even if their
limits and risks have always been noted in the field of
psychology and beyond (e.g. Boneau, 1960).

In fact, there is a growing caution against blindly us-
ing statistical tools and analytical methods without a
deep understanding of their assumptions and implica-
tions (Scheel, Tiokhin, Isager, & Lakens, 2021). In other
words, it is increasingly apparent that relying solely on
significance testing as a trustworthy measure is improb-
able without considering the assumptions inherent to
specific statistical methods, such as t-tests, across var-
ious scenarios in psychology. In fact, considering the
particular circumstances of application has consistently
been crucial advice when deciding on significance testing
methods (Fisher, 1925).

This contribution introduces a novel approach to
statistical testing, particularly for comparing two
groups/conditions. Specifically, the paper proposes a
new test, called the ζ-Overlapping test, which applies the
Permutation Test (Pesarin, 2001) alongside the Overlap-
ping Index (η, Pastore & Calcagǹı, 2019) to compare
empirical distributions.

The primary advantage of the ζ-Overlapping test is
its ability to simultaneously account for and compare
the mean, variance, and shape with a single test. In
contrast, many commonly used tests typically make as-
sumptions about variance and shape, focusing only on
testing the difference among means. Additionally, the
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ζ-Overlapping test offers two further advantages, both
related to the Overlapping Index η, which represents the
shared area between two empirical distributions (see Fig.
1). The first advantage is that the index used for the test
is an effect size measure, and the second advantage is that
the η index is highly intuitive and its simplicity allows
for easy comprehension of the test. As such, the test
contributes to increasing awareness of significance test-
ing that is, as already mentioned, essential for drawing
meaningful conclusions in psychological research.

Finally, the ζ-Overlapping test offers an alternative
tool to address the assumptions issue. Given that
parametric tests commonly used for statistical infer-
ence rely on strong assumptions, such as normality and
homoscedasticity—assumptions that are unlikely to be
met in many areas of psychological research—alternative
methods like this one become optimal.

The remainder of this article is structured as follows.
First, we introduce the concept of the Overlapping In-
dex, providing foundational definitions and highlighting
its importance. Next, we define the Permutation ap-
proach and explore its application to the Overlapping In-
dex, showcasing its relevance in statistical analysis. Sub-
sequently, we present a Simulation study to illustrate the
practical implications and trustworthiness of the Over-
lapping index utilizing permutations.

The rationale behind these steps involves first intro-
ducing the concept of the Overlapping Index (η), which
is crucial because it provides an intuitive measure of sim-
ilarity between distributions by quantifying the overlap-
ping area of their empirical density functions, a common
question in quantitative psychology. The Permutation
approach is then defined and applied to the Overlap-
ping Index, demonstrating how nonparametric methods
can offer insights without relying on typical parametric
assumptions. Specifically, the Permutation test involves
shuffling data points to generate a sampling distribution,
allowing the calculation of a p-value and highlighting
its utility in assessing the statistical significance when
comparing two groups/conditions. Next, the Simulation
study uses a set of different combinations of parameters
to simulate various scenarios that might meet or violate
the assumptions of different statistical tests, modeling a
range of conditions reflective of real-world complexities
in psychological research. This simulation facilitates the
evaluation of the statistical power (probability of cor-
rectly rejecting a false null hypothesis) and the type I
error rate (likelihood of incorrectly rejecting a true null
hypothesis) of each approach. To this end, several sta-
tistical tests are compared: the t-test for independent
samples, assuming equal variances; the Welch test, which
does not assume equal variances; the Wilcoxon test, suit-
able for ordinal data or when normality is not assumed;
the Permutation Test on the Overlapping Index, provid-
ing a non-parametric approach to evaluate distributional
differences; the F test for examining the homogeneity of

variances; and the Kolmogorov-Smirnov test for compar-
ing two distributions regardless of their underlying forms.
These results enable researchers to visualize and com-
prehend the reliability and utility of each approach, par-
ticularly valuable in scenarios commonly encountered in
quantitative psychology, where navigating data charac-
teristics and adhering to or deviating from test assump-
tions is crucial.

Finally, we discuss the results, offering insights into
the strengths and limitations of the Permutation-based
Overlapping Index and its potential applications in psy-
chological sciences.

2 Overlapping Index

The Overlapping Index (η) is an intuitive way to de-
fine the area intesected by two or more empirical den-
sity functions (Pastore & Calcagǹı, 2019). In a simple
way, two distributions are similar when their distribu-
tion functions overlap, and as η diminishes, the two dis-
tributions differ. The η index varies from zero – when
the distributions are completely disjoint – and one –
when they are completely overlapped (Pastore, 2018).
The simple interpretation of the overlapping index (η)
makes its use particularly suitable for many applications
(e.g. Jensen & Sanner, 2021; Garofalo, Giovagnoli, Or-
soni, Starita, & Benassi, 2022; Schuetze & Yan, 2023;
Karrobi et al., 2023; Sirbiladze, Midodashvili, & Manja-
farashvili, 2024; Habibi, Achour, Bounaceur, Benaradj,
& Aulagnier, 2024; Ricote et al., 2024; Rossi et al.,
2024; Einbeck, Coolen-Maturi, Uwimpuhwe, & Singh,
2024; Wachendörfer & Oeberst, 2024; Rohrbach, 2024;
Hawkins et al., 2024; Upadhayay, Granger, & Collins,
2024; Conversano, Frigau, & Contu, 2024; Pietrabissa et
al., 2024; Nougaret et al., 2024; Greene, Guitard, Fors-
berg, Cowan, & Naveh-Benjamin, 2024).

More formally, assuming two probability density func-
tions fA(x) and fB(x), the Overlapping Index η : Rn ×
Rn → [0, 1] is formally defined in the following way:

η(A,B) =

∫
Rn

min[fA(x), fB(x)]dx (1)

where, in the discrete case, the integer can be replaced
by summation. As previously mentioned, η(A,B) is nor-
malized to one and when the distributions of A and B
do not have points in common, meaning that fA(x) and
fB(x) are disjoint, η(A,B) = 0. This index provides an
intuitive way to quantify the agreement between A and
B based on their density functions (Inman & Bradley Jr,
1989).

To quickly illustrate an example of the overlapping
area in figure 1 are represented two different empirical
densities. In panel [A], are depicted two density distri-
butions, a Normal(10,2) and a Uniform(0,20); note that
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Figure 1: Comparison of a normal distribution and a uniform dis-
tribution with same mean, 10, and different variances, 4 and 33.3,
respectively.

the two distributions have the same mean (10), but dif-
ferent variance, 4 and 33.3 respectively. In the panel [B]
are represented the empirical densities of two random
samples of 30 observations drawn from the two popula-
tions specified as in panel [A]; the estimated overlapping
area being η = 0.46.

The figure 1 shows how two distributions with almost
same mean could still be very different from each other
with the overlapping area being η̂ = 0.46. In this case,
the t-test focuses on mean differences, therefore correctly
does not rejects the null hypothesis, even though the de-
gree of similarity of the two densities is only 46%, in
other words, the difference is about 54%. Moreover, we
remind that the t-test in this case is far from ideal as the
two distributions have different variances.

2.1 Permutation approach

Permutation tests, also known as randomization tests,
are a class of nonparametric statistical significance tests.
The concept dates back to the work of R.A. Fisher in
the 1930s, in particular his book The Design of Experi-
ments (Fisher, 1935). The theoretical foundations were
further developed by E.J.G. Pitman in his seminal pa-
pers of 1937 (Pitman, 1937) and 1938 (Pitman, 1938).
The basic principle of permutation testing is based on
the idea of rearranging observed data to generate a null
distribution. This approach assumes that if the null hy-
pothesis is true, then all possible arrangements of the
data are equally likely, i.e., each permuted sample has
the same probability as the observed one. By resam-
pling the data, we can obtain the distribution of the test
statistic under the null hypothesis without making any

assumptions about the underlying data generating pro-
cess. This is particularly valuable when dealing with
small sample sizes or when the assumptions of paramet-
ric tests are not met. The observed test statistic is then
compared to this empirically derived null distribution to
determine the probability of obtaining such a result by
chance alone (Pesarin, 2001). The permutation approach
allows for the adoption of any test statistic chosen by
the user. For example, if we are thinking about com-
paring the means of the two samples, we could choose
a t-test statistic; the data in the two groups are permu-
tated and the t value is calculated each time. If the two
groups come from the same population, the t-statistic
computed on the observed data should be close to 0; the
t-statistic computed on randomly permuted data will also
give values close to zero. Therefore, the randomly gen-
erated test statistic and the observed one have the same
– nonparametric – distribution. Otherwise, if the two
groups come from populations with different means, the
t-statistic computed on the observed data will be far from
zero, while the t-statistic computed on the permuted data
will be around zero.

The p-value is the probability of obtaining an equal or
more extreme t-statistic compared to the observed one.
observed:

p =
(#B

b=1|tb| ≥ |t|) + 1

B + 1
(2)

where B is the number of random permutations, t is
the t-statistic computed on the observed data, tb are
those computed on the permuted data.

The test will have power – i.e., the probability of get-
ting a p ≤ α when the two samples are really different
– very close to the parametric t-test, and it will retain
control over false positives even when the assumptions of
normality are not met.

It is important to note that the choice of which t-
statistic to use is a user choice; different test statistics
(e.g., difference of mean ranks, Kolmogorov-Smirnov,
etc.) will produce tests with different power. For ex-
ample, if the two samples differ only in their variability
and not in their mean, the permutation test based on
the t-statistic will have little or no power to detect that
the two samples come from different populations. In this
direction, this paper proposes to use the overlap index as
a test statistic that results to be powerful under a wide
range of difference in distributions.

Remark 1 The choice to add a +1 in the numerator
and denominator is a choice supported by many authors
(Phipson & Smyth, 2010; Hemerik & Goeman, 2018) and
ensures that the probability of false positives is less than
or equal to α.

Remark 2 As one can understand, the p-value may
change depending on the permutations that are drawn.
By increasing the number of permutations B, the results
will change less and less. Since the number of possible
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permutations is finite, it is preferable, if possible, to ex-
plore the set of them (i.e., to compute the statistics on
all possible permutations of the data). This set of all
possible rearrangements of the data is, in fact, the orbit
of the sample that allows us to compute the exact p-value
- i.e., the exact probability of observing a test statistic
that is as extreme or more extreme than that observed
in the data. In this case, B =

(
n
n1

)
= n!

n1!(n−n1)!
and the

p-value formula reduces to

p =
(#B

b=1|tb| ≥ |t|)
B

since the test statistic computed on the observed data is
certainly in this set.

2.2 Application of permutation test to
the Overlapping Index

Even though the Overlapping Index has a simple inter-
pretation, one could argue that it does not provide in-
formation on the significance of η, therefore, we decided
to implement permutation testing to offer to the ones
interested a value of significance. In particular, we im-
plemented permutations test, to give a tool that tests dif-
ferences in distributions without assumptions, offering a
valid alternative in cases in which traditional assumtions
are not met.
If we are reasoning from the perspective of Null Hy-

pothesis Significance Testing (NHST), we should define
the null hypothesis as follows: H0 : η = 1, meaning that
there is complete overlap between the theoretical densi-
ties in the two populations from which we sample the
data. For this reason, it is more intuitive to work with
the complement of η, which is 1 − η = ζ which is the
area of non-overlap, therefore, defining the null hypoth-
esis as H0 : ζ = 0, once again meaning that there is no
difference between the densities of the two populations.
Obviously, this does not change the results, but only the
way in which they are interpreted. When testing the dif-
ference between the two distributions, we will no longer
be working with η, but with the complement ζ.

The algorithm estimates the value of ζ on the observed
data (ζ̂). Then, through permutation, the observed val-
ues of the two groups are randomly re-assigned to the
groups for B times, estimating again the new value of ζ̂b.
The times in which the estimate of ζ̂b on permuted data
is higher or equal than the one observed on real data is
estimated (ζ̂b ≥ ζ̂) and then the found value is divided by
B, returning the p-value. A typical example of data not
respecting previously said assumptions is reaction times
and for this purpose we present a real case of a dataset
available online (Oksuz & Rebuschat, 2024) on reaction
times of word reading of high and low frequency words in
English and we implement on the overlapping function
the permutation test.
In the figure 2[A] are represented the densities of re-

action times of word reading of high and low frequency
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Figure 2: [A] Distribution of reaction times of word reading of
high and low frequency words in English, in this case the non-
overlapping area is ζ̂ = 0.56; [B] Distribution of ζ̂ obtained with
2000 permutations of the data.

words in English from a sample of two groups of 30 ob-
servations each; the two distributions have mean 0.78
and 1.11, variance 0.07 and 0.22, and skewness 2.32 and
2.02 respectively. The obtained value of η̂ is 0.44, and
consequently ζ̂ is 0.56. In figure 2[B] is represented the

distribution of the values of ζ̂ obtained with 2000 per-
mutations; we can calculate the p-value as follows:

p =
(#ζ̂b ≥ ζ̂) + 1

B + 1
=

1

2001

Given that p < .001, we can conclude that the differ-
ence is statistically significant; in this case the t test give
the same conclusion t(58) = 3.34, p = .001, but we remind
that the t-test evaluates only the difference between the
means and requires assumtions that in this scenario are
clearly not met.

2.3 Practical application

The ζ-Overlapping test is easily performed using the
overlapping R package (Pastore, Loro, Mingione, &
Calcagni’, 2024). In the following, we briefly present a
simple example.

First, we simulate two different samples, each with
n = 50: one from a Normal(3,2) distribution and an-
other from a χ2(3) distributions:

set.seed(1)

n <- 50

y1 <- rnorm( 50, 3, 2 )

y2 <- rchisq( 50, 3 )
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Figure 3: Simulated example.

The simulated data have means of 3.2 and 2.97, and
variances of 2.76 and 4.72, respectively. The overlapping
area between the two distributions is η = 0.74, and con-
sequently ζ = 1− 0.74 = 0.26.

Figure 3 presents the obtained density distributions.
Note that the t-test results are not significant: t(98) =
0.6, p = .55. We obtain the same result when adjust-
ing the test for unequal variances (Welch correction):
t(91.75) = 0.6, p = .55.

To perform the ζ-Overlapping test, we can use the fol-
lowing code:

library( overlapping )

yList <- list( y1 = y1, y2 = y2 )

perm.test( yList )

$Zobs

[1] 0.261

$pval

[1] 0.00699

Given that p = .007 we can conclude that there is a sta-
tistically significant difference between the two distribu-
tions. This result suggests that the overlapping method
has detected differences that the previous t-tests did not
identify, highlighting the potential sensitivity of this ap-
proach.

3 Simulation study

To evaluate the performance of the permutation test ap-
plied to the Overlapping Index, we performed a simu-
lation study. The aim is to generate data for a set of
scenarios distinguishing mean, variance and shape of the
populations and compare the ζ perm test to other com-
monly used tests in terms of type I error control and
power.

3.1 Data generation

In the simulation, two density distributions will be com-
pared for many different scenarios. The first distribu-
tion will always be a normal standard distribution with
µ = 0 and σ = 1. To simulate data for the second dis-
tribution we use the Skew-Normal distribution (Azzalini,
1985), which is defined in the following way: given ξ ∈ R,
ω ∈ R+ and α ∈ R, then for y ∈ R we have

SN (y|ξ, ω, α) = 1
ω
√
2π

exp

[
− 1

2

(
y−ξ
ω

)2
] [

1 + erf
(
α
(

y−ξ

ω
√
2

))]
(3)

in which

erf(z) =
2√
π

∫ z

0

e−t2dt

is the error function. When ξ = 0, ω = 1 and α = 0 the
distribution is a standard normal distribution.

ξ is the location parameter, ω is the scale parame-
ter and α is related to the skewness of the distribution.
Therefore, this distribution is suitable to generate data
modelling both the distance between means (the effect
size), symmetry and variance.

Mean and variance of the Skew-Normal are respec-
tively:

µ = ξ + ωγ
√

2/π
σ2 = ω2[1− (2γ2)/π]

(4)

in which γ = α/
√
1 + α2. Based on the equations (4) we

can determine the values to assign to the parameters ξ e
ω in function of µ and σ with the equations:

ξ = µ− ωγ
√

2/π

ω =
√

σ2/[1− (2γ2)/π]
(5)

The Skew-Normal distribution is optimal for our pur-
pose as it allows to have control over parameters of mean,
variance, skewness and kurtosis, as shown in figure 4.

3.2 Simulation design

In the simulation we confront two samples extracted
from a Skew-Normal, the first one is generated from
SN (0, 1, 0), which is the Standard-Normal distribution,
and the second one from SN (ξ, ω, α). Consequently, the
first sample derives always from a population with mean
0 and variance 1. To define the various scenarios, we
manipulate the parameters of the second population in
orther to obtain specific differences in means (δ), stan-
dard deviations (σ) and skewness (α). Four factors were
sistematically varied ina complete four-factors design as
follows:

• δ = (0, 0.2, 0.5, 0.8); mean of the second population,
which corresponds also to the difference between the
two groups, the first one has always µ = 0;
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Figure 4: Examples of Skew-Normal distributions (ξ,ω,α); [A] three densities with same variance and shape but different location
parameter values (ξ = 0, 0.5, 1), [B] three densities with same mean and shape but different scale parameter values (ω = 1, 2, 3) and [C]
three densities with same mean and variance but different shape parameter values (α = 0, 1, 2).

• σ = (1, 2, 3); standard deviation of the second pop-
ulation;

• α = (0, 2, 10); degree of asymmetry (skewness) of
the second population;

• n = (10, 20, 50, 100, 500); sample size, equal in the
two samples.

For each of the 4 × 3 × 3 × 5 = 180 conditions we
generated 3000 sets of data on which we performed the
analysis.
In figure 5 are graphically represented the 36 scenarios

of data generation, the black curves are the first popula-
tion, always a SN (0, 1, 0), and the red curves are relative
to the second population SN (ξ, ω, α).
For each combination δ × σ × α× n, on the generated

data were performed the following tests:

• t test for independent samples, assuming equal vari-
ance;

• Welch test for independent samples;

• Wilcoxon test for independent samples;

• Permutation test on the complement of the Over-
lapping Index, ζ = 1 − η, which therefore becomes
an index of difference between groups;

• F test of homogeneity of variances;

• Kolmogorov-Smirnov test for comparing two distri-
butions.

The whole procedure generated a total of 540000
datasets as well as 3240000 of statistical tests and corre-
sponding p-values.

3.3 Definition of Statistical tests

We introduce the chosen statistical tests summarizing
the specific hypothesis and assumptions for each one.

3.3.1 t test

This is the classic case of a test for independent samples
assuming equal variances and the normality of the two
distributions:

H0 : µ1 − µ2 = 0 with σ1 = σ2

3.3.2 Welch (W) test

This is the t test modified when homogeneity of variances
is not respected:

H0 : µ1 − µ2 = 0 with σ1 ̸= σ2

Also this test assumes the normality.

3.3.3 Wilcoxon-Mann-Whitney (WMW) test

This is the test on ranks which evaluates the following
hypothesis without assumptions on distributions:

H0 : P (X1 > X2) = P (X2 > X1) = 0.5

in which X1 and X2 are the random variables repre-
senting the observations extracted from the two popula-
tions.
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Figure 5: Generative data distributions in function of δ (column panels), σ and α (row panels). The black curves are the first population,
SN (0, 1, 0), the red ones represent second population, SN (ξ, ω, α).
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3.3.4 Kolmogorov-Smirnov (KS) test

This test compares the cumulative distributions

H0 : F (X1) = F (X2)

without assumptions on distributions.

3.3.5 F test

This is the test of homogeneity of variances

H0 : σ2
1 = σ2

2

assuming the normality.

3.3.6 ζ-Overlapping (ζov) test

Since ζ = 1 − η, in which η is the area of overlapping
of the empirical distributions, the null hypothesis of the
test is

H0 : ζ = 0

which implies that the data comes from the same popu-
lation, or from populations with same shape (mean, vari-
ance and skewness) but without specific assumptions.

4 Results

First of all, we analysed correlations between the p-values
of the considered tests in order to assess how much they
are associated independently from the experimental con-
dition.
Next, we considered panel [1], figure 5, the scenario in

which all null hypothesis are true and assumptions are
respected for all tests. Consequently, we computed type
I error by counting how many times the test is significant
in this scenario, and the power by counting how many
times it will be significant in all other scenarios. In this
way, we evaluated type I error and power based on the
experimental conditions.

4.1 Correlations among tests

Figure 6 represents the correlation matrix between the
p-values for the different tests in all experimental condi-
tions. The classical tests show an order in the way they
correlate. More specifically, t and W tests show a perfect
correlation, WMW is highly correlated with the aforesaid
tests, and the KS shows a lower but still medium-large
correlation. F presents no correlation with t, W and
WMW tests, and medium correlation with the ζov and
KS tests.
The ζov test is highly correlated with the KS test, has

a lower correlation with tests on means (t and W) and
ranks (WMW), and a medium correlation with the F
test.
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Figure 6: Correlation matrix among p-values (N = 540000) in
chosen tests. Note: ζov = ζ overlapping test, F = variance test,
ks = Kolmogorov-Smirnov test, wmw = Wicoxon-Mann-Whitney
test, w = Welch test, t = Student’s t test.

4.2 Type I error and power

In figure 7, is represented type I error in panel [A] and
power in panel [B] estimated considering as true null hy-
pothesis the situation in which samples are drawn from
two exactly equal populations (figure 5, panel [1]).

In relation to type I error, all tests show a good perfor-
mance, whereas the KS test is too conservative for small
samples.

Concerning power, the ζ-Overlapping test outperforms
all other tests, already with small sample sizes. From the
graphical representation it is visible how two subgroups
can be identified: one including the tests on means and
ranks, not reaching adequate power even with large sam-
ples, and the second one formed by the ζov and KS tests,
reaching good power already from 100 observations, with
the ζov outperforming the KS test reaching good power
already from 50 observations.

5 Discussion

The analysis of p-value correlations among the tests pro-
vides insight into their relationships. High correlation
between the t-test and W test, for instance, reflects their
similar objectives and shared focus on mean differences.
However, lower correlations between parametric and non-
parametric methods, such as the WMW and KS tests,
indicate that these tests capture distinct aspects of the
data, such as ranks or distribution shapes rather than
means. The permutation-based tests show intermediate
correlations with both parametric and non-parametric
methods, which suggests that they may align with either
types of tests depending on the underlying data struc-
ture, highlighting the versatility of the ζov test.

Moreover, the present analysis evaluated the perfor-
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Figure 7: Control of type I error [A] and power [B] in the various tests. Note: ζov = ζ-Overlapping test, F = variance test, ks =
Kolmogorov-Smirnov test, wmw = Wicoxon-Mann-Whitney test, w = Welch test, t = Student’s t test.

mance of various statistical significance tests across sim-
ulated scenarios comparing each test on the same null
hypothesis, being no difference in the two populations
from which the samples are drawn. The tests include
both parametric (such as the t-test, Welch test, and F -
test for variance) and non-parametric methods (such as
the Wilcoxon Signed-Rank, Kolmogorov-Smirnov, and
permutation-based approaches including the ζov test).
Through these scenarios, we assess each test’s robust-
ness, Type I error control, and power.

In figure 7, panel [A], the only test which is over-
conservative in terms of Type I error is the KS test, yet
reaching the nominal .05 level with bigger samples (over
400 observations). All other tests, already from small
samples, are in the range of .045− .055, converging closer
to .05 as sample size grows, except for the F test remain-
ing less conservative than the others, meaning that the
Type I error control rate is higher than the nominal level
of .05. From this analysis we can then conclude that all
tests sufficiently control the Type I error, yet caution is
needed for small samples when using the KS test.

Concerning power, figure 7 panel [B], the ζov test out-
performs all other tests. The only one competing with
good power is the KS test, reaching a power of 60% with
50 observations and aligning with the ζov at 500 obser-
vations. The F test starts at higher power for small
samples but fails to reach an adequate power of 80%. W
and t tests performances are identical, in line with their
almost perfect correlation of p-values, never exceeding
60% of power and performing consistently worse than the
ζov and KS tests, especially with small samples. Lastly,
the WMW test performs similarly to t and W tests with
slightly less power throughout the increase of sample size.
These results highlight the outstanding performance of

the ζov test already from small samples, showing an ad-
vantage in choosing this test in research settings regard-
less of data distribution and assumptions.

Advantages and Limitations of the ζ Per-
mutation Test

The η index (and the complement ζ), designed to mea-
sure the degree of overlap between distributions, has spe-
cific advantages and limitations similarly to the corre-
sponding ζ-Overlapping test. Its main strengths lie in its
easy interpretability as an effect size and in its robustness
to distributional assumptions, as it calculates p-values
through permutations rather than relying on parametric
assumptions like normality or equal variance. This makes
it particularly useful in scenarios where other tests may
fail due to assumption violations, providing a conserva-
tive Type I error rate when H0 is true and robust power
when H0 is false.

The main limitation of the test is that it does not in-
form on specific parametric differences, as its design fo-
cuses on distributional overlap rather than mean differ-
ences, which means it does not directly inform on mean,
variance or skewness differences specifically. But we ar-
gue that the ζov test offers a great starting point to eval-
uate whether two distributions differ in the first place
with high power already from small samples. Moreover,
the overlapping R package to easily compute the in-
dex also offers the possibility to plot densities and the
area of overlap, therefore making it extremely intuitive
to visualize how the two distributions practically differ.
In cases in which the test fails to find a difference be-
tween the two distributions one can conclude that the
two groups/conditions do not differ in any parameter of
possible interest, but if the test finds a statistically signif-
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icant difference, then the researcher can move on to test
which are the specific parameters differing between the
two. This approach highlights the importance of visual-
izing data and stresses out the invaluable insight offered
by descriptive statistics (Wilkinson, 1999; Tay, Parrigon,
Huang, & LeBreton, 2016; Pastore, Lionetti, & Altoè,
2017).
The ζ-Overlapping test is indeed a valuable tool for

non-parametric inference, particularly when distribu-
tional assumptions do not meet those required by com-
mon statistical test e.g. t-test. These are particularly
relevant points given that in psychological sciences stud-
ies often involve small sample sizes, and relying on small
changes in location parameters like the mean can be
risky. For example, small samples are highly suscepti-
ble to the influence of extreme values, which can skew
the mean and lead to misleading conclusions about ef-
fect sizes. Even more importantly, as demonstrated in
simulations, the ζov test is less prone to being dramati-
cally impacted by extreme values, as it directly measures
the distributional overlap between groups rather than
focusing solely on mean differences. This characteris-
tic makes such test particularly valuable in small-sample
contexts, especially in psychological science where ro-
bustness to outliers is critical for obtaining reliable in-
sights into group differences.

6 Conclusion

By exploring alternative scenarios, the study offers prac-
tical indication to operate a shift in the philosophical
approach to data analysis and significance testing. In
fact, the Overlapping Index forces the functional inter-
pretation of the results to move beyond significance test-
ing alone (Steegen, Tuerlinckx, Gelman, & Vanpaemel,
2016; Gelman, 2018; Pastore & Calcagǹı, 2019). In psy-
chological research, considering the distribution of data
rather than relying solely on significance testing offers a
deeper, more nuanced understanding of results. Tradi-
tional significance testing does not provide information
about the nature or magnitude of that effect (see Cohen,
1994; Wagenmakers, 2007; Ziliak & McCloskey, 2008;
Wasserstein & Lazar, 2016). By visualizing and consid-
ering the entire distribution of data, researchers can ob-
serve the spread, central tendency, and shape of the data,
which often reveal valuable insight about variability and
individual differences within the sample. As in example
presented in figure 3, reporting a mean difference without
an understanding of the data’s variability could lead to
misrepresentation of the consistency or generalizability
of the observed effect. Therefore, incorporating distri-
butional analyses allows psychologists to present a fuller
picture of their findings, improving both interpretability
and transparency in their research conclusions.
Moreover, the present study further underscores the

necessity of reasoning on the most suitable statistical

tools contingent on the specific characteristics of the
data and the assumptions inherent in the analytical
techniques employed. Such a switch in the philosophi-
cal approach to data analysis in psychological sciences
(Vasishth & Gelman, 2021) may improve the robustness
and validity of psychological research findings, allowing
for more aware interpretations and generalizations. We
stress this by making open available data and material so
that such an approach might be useful for a wide range
of psychologists interested in increasing the understand-
ability of their results.

The findings underscore the necessity of choosing sta-
tistical methods that are resilient to the complexities
inherent in psychological data, where assumption vio-
lations are often inevitable. The ζ-Overlapping test is a
robust alternative to commonly used tests in psycholog-
ical science that accommodates data with unequal vari-
ances or non-normal distributions, offering reliable re-
sults even when classic parametric conditions are unmet.
In this way, our test extends the flexibility of significance
testing, enabling a nuanced understanding of effects in
psychology.

Ultimately, statistics in psychology should reflect both
theoretical knowledge and an appreciation for the distri-
butional nuances of psychological variables. Rather than
a rigid application of conventional methods, statistical
analysis should be a deliberate choice that aligns with
the nature of the data and the research question. The
approach of the ζ-Overlapping test embodies this princi-
ple, capturing the depth and complexity of psychological
effects in a way that is both methodologically rigorous
and sensitive to the real-world structure of psychological
phenomena.

Legenda

η is the area of overlap
ζ is the area of non overlap, therefore 1− η
µ is the parameter of the mean of the normal standard
σ is the standard deviation of the normal standard
δ is the difference between the two means
ξ is the location parameter of the skew-normal
ω is the scale parameter of the skew-normal
α is the shape parameter of the skew-normal
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