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Abstract

Psychographics of tourists, customer satisfaction
and consumer experience are the basis of managerial
decisions. Customer  surveys measuring the
contentment, the interests and the psychometric profiles
of tourists often make use of bipolar econometric
and psychometric scales. The statistical analysis of
smart tourism data can be improved when considering
bipolar scales survey data as compositional data.
To date, only the order of magnitude of agreement
(OMA) towards an item assertion is considered.
Regarding the complement (i.e., the order of magnitude
of disagreement (OMD)) increases the amount
of information available improving the quality of
statistical results. Ignoring the OMD induces serious
bias to subsequent descriptive (e.g., computation of
Pearson correlation and Cohen’s d) and inferential
statistical analyses (e.g., correlation tests based on
Student’s t-distribution and two-sample t-tests) possibly
leading to ambiguous results. Together, the OMA and
the OMD yield a bivariate compositional data point
which can be transformed towards the univariate real
valued interval scale using the isometric log-ratio (ilr)
transformation. Conducting statistical analyses with
ilr transformed data avoids statistical biases in the
process psychometric tourist profiling. Via simulation,
we provide evidence that the ilr approach increases
the statistical power of two-sample t-tests (paired and
unpaired) affecting managerial decisions based on
pre-post-comparisons and comparisons of independent
tourist samples.

1. Introduction

Smart tourism focuses on the maximization of
the consumer experience and consumer satisfaction.
Psychometric consumer profiling of potential customers
can be used to suggest adequate travel destinations and
activities (TDA).

For example, consider an online travel agency.
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Via an initial online survey the psychometric profile
of a web page visitor can be obtained. Using a
best-fit algorithm (BFA) the website generates a set of
travel destinations which are likely to fit the customers
interests and attitudes. Via post-travel surveys the
customer satisfaction can be measured to improve the
BFA [1}2].

The BFA should be improved continuously to
increase customer satisfaction. Unbiased psychometric
customer profiling is essential to configure the BFA
and assessing adaptions of the BFA can help to
improve the algorithm. Adaptions can be assessed,
e.g., via pre-post-comparisons of customer satisfaction
before and after the BFA adjustment using two-sample
t-tests and Cohen’s d or d, as a measure of effect
size. Biased results, however, can be misleading
because effects (e.g., significant improvements) can
be overseen. Moreover, statistical biases can pretend
inexistent effects (e.g., biased estimates of effect size)
corrupting managerial decision making. Decreasing
the sample size while maintaining at least the same
statistical power is desirable because collection costs
are reduced without losing scientific excellence. Also,
pre-post-comparisons of customer satisfaction before
and after managerial decisions are essential to business
operations.

We propose to use the isometric log-ratio (ilr)
approach for proper psychometric customer profiling
and valuation of the customer satisfaction. Contrary
to traditional approaches, the ilr transformation yields
unbiased psychometric customer profiles supporting the
choice of adequate parameters of the BFA and reducing
the corruption of managerial decision making. The
two samples t-test is a well-known tool often used
in smart tourism [3, 4)]. Via simulation we provide
evidence that the power of the two samples t-test
based on Student’s t-distribution increases. As the
statistical power increases effect size also increases.
That is, statistical inference improves and less effects
are overseen enlarging the number of managerial
options. Thus, data driven managerial decisions are
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more reliable, more diverse and collection costs can be
reduced at the same time.

Bipolar scales are commonly used in psychometric
profiling, e.g., concerning customer satisfaction [5]],
attitude towards the add or the brand [6] and personality
traits [7]. Recently, [8]] revealed the compositional
structure of bipolar scales data. Pointing out the
biasedness of measures of association (e.g., the Pearson
correlation) they proposed the isometric log-ratio (ilr)
transformation providing interval scaled real valued data
and unbiased results. Moreover, [8] provide evidence
that the statistical power of the well-known correlation
test based on Student’s t-distribution increases.

2. Literature review

Psychometric customer profiling can be conducted
using bipolar Likert scales (LS) as proposed by [6] (7,
9]. Discussion about the true nature of Likert type
data is ubiquitous (e.g., [10, 11, [12[]). While [13]
notes that “the response categories have a rank order
but the intervals between values cannot be presumed
equal”. [12] states that statistical procedures based
on normally distributed or interval scaled data can be
applied nonetheless because of their robustness towards
violations of the underlying assumptions. [14] and [15]
argue that Likert scales can be considered approximately
interval scaled.

As noted by [16] compositional data structures in
psychometric measure scales can be overseen, e.g.,
regarding Thurstonian scales. [8] explicitly consider
the compositional structure (i.e., the Simplex) of bipolar
scales data pointing demonstrating an increase of
statistical power, e.g., of the correlation test based on
Student’s t-distribution.

It it well-known that Simplex data must not be
evaluated using methods designed for interval data [[17].
For example, mean values and standard deviations are
biased estimates of location and scale [18]. As a
result, pre-post comparisons focusing on effect sizes
(e.g., Cohen’s d and d,, t-tests) are unreliable [19, 20].
Moreover, Pearson correlations r are biased estimates
of the true correlation p if the compositional structure is
ignored [211[8]]. Overall, ignoring the Simplex can cause
biased psychometric profiling and less reliable statistical
inference possibly leading to suboptimal managerial
decisions [22]].

The isometric log-ratio (ilr) approach proposed in
this article could help to overcome these problems.
It increases the statistical power in psychometric data
analyses and provides unbiased parameter estimates.
Moreover, compositional data should not be evaluated
using standard statistical procedures. Evaluation of the

ilr transformed data instead of the raw data is expedient
[23]. Finally, the results can be back-transformed by
means of the inverse ilr transformation [24].

3. Materials and methods

This section provides a brief overview of the
compositional structure of bipolar scales data, the ilr
approach and related psychometric parameters (e.g., the
limit of quantification (LOQ)). The simulation process is
described including different data generating processes
(DGP) and other simulation parameters.

For proper understanding of the different types of
scales, it is necessary to distinguish between statements
(i.e., items of a questionnaire) and their corresponding
response scale (RS) as well as a Likert scale (LS,
i.e., a set of items represented by the sum or mean
value of their corresponding responses) and the scale
of interest (SOI, e.g., a trait scale (TS) or attitude),
i.e., the continuum of all possible manifestations. The
RS measures the order of magnitude of a person’s
agreement (OMA) or disagreement (OMD) towards a
statement. Associating verbal responses (e.g., ranging
from “not at all” to ”very much”) with numerical values
(e.g., 1,...,5) is common practice, see [25] and [26].
The LS represents a model of the SOI for estimating
the order of magnitude of a personality trait or attitude
(OMT) ([9]). In the following, if not otherwise stated,
the term scale refers to a bipolar scale.

3.1. Bipolar constructs and psychometric
scales

Psychometric scales provide estimates of individual
values of psychological constructs. For example, think
of the Big 5 trait openness. The items of a questionnaire
(e.g., the BFI-10 inventory of [7]) cover specific
aspects of a psychological construct. Considering an
overall value of the item responses (e.g., the arithmetic
mean) provides an individual estimate of the order of
magnitude of the psychological construct.

Due to imperfect knowledge, uncertainty about
situations and a complex environment (see [27, [28}
29]) the psychometric scale cannot cover all individual
manifestations of the psychological construct implying
the existence of a LOQ [8]. For an illustration see Fig.
[

The continuum [L; U] contains all possible
individual manifestations of a construct ranging from
a minimum value L (e.g., non-openness to anything)
to a maximum value U (e.g., openness to everything).
A person’s order of magnitude of the construct (say,
#) is located within these bounds. Moreover, the
complements A; and A,, both represent the order of
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Figure 1. lllustration of the different types of scales

used in psychometrics. The continuum [L; U]
represents the TS. The lower scale represents the RS.

magnitude of the construct. We have A; + A, = U — L.
For example, set L=0, U=100, # = 70, A; = 70 and
A, = 30. The psychometric scale consists of different
items i = 1,..., I associated with a responses scale, e.g.,
ranging from I="not at all” to u="very much”. As the
items cannot cover all aspects of the construct the lower
(1) and upper (u) limit of the response scale are different
from L and U reflecting the lower (ILOQ) and upper
(uLOQ) limit of quantification. The edge area of the
construct scale which is not covered by the items and
their respective response scale are named o; and 9,.
Any response x; towards an item assertion reflects the
order of magnitude of agreement (d;) and the order of
magnitude of disagreement towards the item assertion
(dy). For example, let 1=1LOQ=2.5, u=uLOQ=97.5,
x; = 50, d; =50, dy = 50, §; = [0;2.5) and o, =
(97.5;100]). That is, x; estimates the unknown value
of p.

3.2. The compositional structure in brief

Concerning the TS [L; U], any limit values L, U € R
can be assumed as long as L < U is satisfied, e.g., L =0
and U = 100. For example y; = 0.5 is the midpoint of
the TS [L; U] = [0;1] whereas y, = 50 represents the
midpoint of the TS [L; U] = [0;100]. p; and p; both
represent the same order of magnitude of the trait but on
different scales, so L and U can be chosen arbitrarily.

Without loss of generality consider a RS r =
{Tl,...,rk+1} with n = 1, Tkl = k+1, ke N, Tsr1—Ts =
1Vsel,...,k (eg., the discrete scale {1,2,3,4,5} of
k+1 = 5 categories ranging from “not at all (1)” to ’very
much (5)”).

Let p € (0;1) quantify the LOQ. Symmetric values
of ILOQ and uLOQ are assumed, that is, ILOQ =100 -
p/2 and uLOQ = 100(1 — p/2). Therefore, the edge
areas are also symmetric with |8;| =16,,| = p/2.

Let x” € {ry,...,1x+1} be an observed response
value and let p € (0;1) be the LOQ. The algorithm

presented transforms any response value x’ towards the
TS [0;100] with due regard to p. In the following,
if not otherwise stated, assume L = 0, U = 100, r =
{1,2,...,k+1} (ke N).

1. Choose p € (0;1). Set ILOQ = 100 - p/2
and uLOQ = 100 - (1 — p/2) (e.g., p = 0.05,
1LOQ=2.5, uL0OQ=97.5)

2. Define the range := uLOQ —ILOQ and the step
width sw := range/k (e.g., range = 97.5-2.5 =
95 and sw = 95/4 = 23.75).

3. Let the observed response value be x’ = r; €
{ri,..., 11} with s € {1,...,k + 1} (e.g., x' = 3
corresponds to s = 3).

4. Calculate the response value x* = ILOQ+sw-(s—
1) (e.g., x’ =3 and x* = 2.5+23.75-(3—1) = 50).

For  example, the  algorithm  transforms
the RS r = {1,2,3,4,5} towards the RS*
r* = {2.5,26.25,50,73.75,97.5} (p = 0.05).

Please note that the bounds of r* depend on p.
x* € (ILOQ;uLOQ) reflects the transformed order
of magnitude of agreement (OMA) towards the item
assertion. Any OMA value implies an order of
magnitude of disagreement (OMD) towards the item
assertion as a complement, say 100 — x*. Define
x = (x,x)T € R? with x; := x*, x, := 100 — x*,
x1,%, > 0 and x; + x, = 100 where ()T denotes the

transpose.
Generally, the compositional data space (the
Simplex) is defined as S := {x = (x1,...,xp)] €

RP|YP xj=x€eR, x;>0Vi=1,..,D}. With D =
2 and « = 100 x fulfills the definition of compositional
data [30, 311132, 133, [8]]. An illustration of the Simplex
of bipolar scales data is presented in Fig. [2]

60

Figure 2. The black line illustrates the Simplex of
bipolar scales data. x| (x;) represents the OMA
(OMD) towards the item assertion, respectively. The
exemplary point x = (60, 4O)T illustrates an OMA of
60 and an OMD of 40.
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3.3. Ilr and inverse ilr transformation

Any compositional data point x depends on the
Aitchison metric [18]]. However, most standard
statistical procedures (e.g., computation of arithmetic
means, Pearson correlation, t-tests) are based on the
Euclidean metric. The ilr transformation yields interval
scaled data underlying the Euclidean metric [34].
By means of the ilr and the inverse ilr, data and
statistical results (e.g., mean values) can easily be
(back-)transformed. The ilr transformation is defined as
ilr(x) =ilr((xy,...,xp)T) == (21,...,2p_1)T with

Zs = ——
s+1 X511

In the present case of D = 2 the ilr reduces to
ilr((x*,100 — x*)T) = z; with

1 x*
Zl_\/;ln—loo—x*' 2)

*

For example, the ilr transform of the RS r
{2.5,26.25,50,73.75,97.5} denotes ilr((2.5,97.5)T)
-2.59, ilr((26.25,73.75)T) = —0.73, ilr((50,50)7)
0, i1r((73.75,26.25)T) = 0.73 and ilr((97.5,2.5)T)
2.59.

Please note that the bounds of the ilr RS depend on
p because the bounds of r* depend on p. The smaller
p €(0,1) is, the closer are the bounds of * to 0 and 100,

respectively. Therefore, lim !
p

. )
=0, lim ’;’;‘ = oo and

—0 "ks1 p—0 1
. rr . r* .
limln =~ = —c0, limIn ’;tl = 00, i.e., the spread of

p—0 kel p—0 1

the ilr RS increases as p — 0.

The inverse ilr is used to back-transform any z €
RP-! to an x € S yielding the Simplex representation
of the data. The inverse ilr is defined as follows. Let
z=(z1,...,zp_1)T € RP~1,

D
Zj s—1
= - zs_1; 20:=2zp:=0 (3)
Ys E G \/ s 2120 D

j=s

Vs
¢ s=1...,D 4)

Xy =K
s eVl +... +e¥’

Like the ilr, the inverse ilr is simplified in the present
case. The corresponding x* is obtained by setting z; :=
zp =0 and k¥ = 100 with

Y1
x* =100

e .
. m with M= VO.SZl and Vo =- VO.SZl.
&)

Again, the complete compositional data point is
given by x = (x*,100 — x*)T. Applying the inverse
ilr transformation to the ilr RS yields the RS r*, e.g.,
invilr(0.73)=73.75 in the above example.

Please note that the ilr transformation differs from
the logistic transformation only by the scaling factor
v/0.5. Both transformations consider In ﬁ*_x* in order
to obtain interval scaled data. That is, mathematically
they are practically identical if D = 2.

The idea of data evaluation is straight forward:

1. Apply the ilr transformation to obtain

interval-scaled data.

2. Analyse the ilr transformed data wusing
any appropriate statistical procedure (e.g.,
Shapiro-Wilk test, t-test etc.)

3. Interpret the results on the interval scale.

4. If necessary: use the inverse ilr transformation to
back-transform the results to the Simplex (e.g.,
apply the invilr to the arithmetic mean of ilr
transformed data) and interpret.

4. Simulation study on t-tests

In the following, if not otherwise stated, the term
PAIRED (UNPAIRED) refers to the two-samples test of
dependent (independent) samples. It is common practice
to use Cohen’s d (UNPAIRED) or d, (PAIRED) as a
measure of effect size [[19].

Figure 3. The simulation process.

Consider Figure After simulating values using
two univariate normal distributions data are associated
with their closest possible means (left-hand path). By
means of the inverse ilr transformation the simulated
values are transformed to the RS* and associated
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with their closest possible means on the original RS
(right-hand path). Hy : p; —pp = 0 is tested in
both paths and the proportions of rejections of Hy are
obtained.

The univariate normal distribution (see the stats
package of [35] is used for random data sampling of ilr
transformed data. The simulation process is described in
Figure [3| The central limit theorem (CLT) of statistics
in its various versions (among them allowing for non
iid. random variables and other generalizations, see
[36]) grants that means and sums of ilr transformed item
response values are asymptotically normally distributed
as long as the regularity conditions are met [37].

4.1. Parameters of the simulation study on
two-sample t-tests

The tests considered are the UNPAIRED and the
PAIRED. Welch’s modification of the UNPAIRED is
used if and only if the variances of the underlying
DGP are unequal. It is well-known that many
statistical procedures are robust against violations of
the assumption of normally distributed data (e.g. the
UNPAIRED and the PAIRED, see [12, 14} [15]]).

Table [T] presents the parameters of the simulations.
Overall, the simulations of the PAIRED (UNPAIRED)
consider 240,000 (240,000) scenarios each consisting of
1,000 simulation runs.

Table 1. Simulation parameters.

Parameter values
Deldd) [0.05,0.1,...,1)
» (0.02,0.04,...,0.2)

ILOQ 100- p/2
uLOQ 100-(1 - p/2)

K (4,5,6)

Ny =N, {20,40,60,80,100}
I (1,2,...,8)
(s11,822)  s11 <822, 511,822 €{0.5,1,1.5,2}
H1 0

U2 D+/(s11 +522)/2

Consider Table The parameters d and d, refer
to Cohen’s D [19]. p € (0;1) quantifies the LOQ.
ILOQ and uLOQ represent the lower and upper LOQ
with ILOQ + uLOQ = 100. K defines the numbers of
responses of the RS r = {1,...,K}. The sample sizes
are equal, that is, N; = N,. I represents the numbers
of items of a psychometric scale. The variances of the
sampling distributions are s;; and sy, while y; and y,
represent the expected values.

4.2. Results of the simulation study of t-tests

Consider the difference of the statistical powers,
say APower, when wusing ilr transformed or
non-transformed data. The results of the simulations
are presented in Tables [2}4] Figures and [6a}{ob]|
(UNPAIRED) and Figures [5al{5d]and (PAIRED).

Overall, the ilr approach can be considered superior
to traditional data evaluation. The results can be
summarized as follows:

1. On average we have APower > 0. APower is
largest if d = 0.45 and d, = 0.3 (over all values
of all parameters, see Table [2)).

2. As p decreases APower increases, see (Table [3)).

2

3. APower is largest if the total variance s° €

{2.5,3}, see Table[d]

4. As sample sizes N; = N, = N increase the
APower curve is displaced towards decreasing
values of d and d, (Figures and [5d).
Concerning N; = N, = 20 APower is largest if
d = 0.85 and d, = 0.6. Regarding N; = N, =
100 APower is largest if d = 0.35 and d, = 0.25.

5. The number of responses k + 1 of the RS hardly
affects APower (Figures[6a) and [7a)).

6. If I > 1 the number of items does not affect
APower. However, I = 1 decreases APower

(Figures [6b] and [7b).

5. Discussion, limitations and practical
implications

Overall, the simulations proved the ilr approach
being more powerful than the classical approach.
Scenarios with A Power > 0 were observed more often
than scenarios with A Power < 0. Moreover, the mean
gain in statistical power outweighs the potential minor
losses. A mean increase of statistical power of up to 11
percentage points is possible, see Figures [#a]and [5a

When effect sizes d and d, are close to O the
statistical power is close to O regardless of using ilr
transformed or original-scaled data. Regarding large
effect sizes the statistical power is near 1. Thus,
the difference of powers A Power is close to 0
regardless of using ilr transformed or original-scaled
data. Concerning practically relevant moderate effect
sizes we have A Power > 0 demonstrating the
superiority of the ilr approach.

The simulation parameters cover a broad range of
potential real scenarios. For example, the formulation
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Figure 6. APower values of the UNPAIRED, part 2.

and the number of items I both affect the quality of a
psychometric scale resulting in various LOQ values p
demonstrating the necessity to consider different values
of I and p. For example, p = 0.02 represents a
high-quality scale covering 98% of the TS and p =
0.2 represents a scale covering only 80% of the TS.
Interpersonal variation in psychology can be large or
small [38]. Increasing the variance decreases Cohen’s
d and d, [19]. Thus, different variances are necessary
to adequately describe the interpersonal variation of a
construct. Additionally, the overall effect size (d, d,)
varies. For example, compare the psychometric analysis
of [26]. The d and d, values chosen for the simulation
represent common effect sizes as provided by [[19]]. The
parameter values of K = k+ 1 represent typical numbers
of responses used in psychometric surveys. N is chosen
to represent small and medium sample sizes occurring
in tourism studies [39].

The results of the ilr transformation slightly depend
on the value of p. In practice, the proper selection
of p is based on expert judgement because it refers to
the quality of the psychometric scale. The better the
psychometric procedure is, the closer p will be to 0.
Assuming a high quality of the measure scale p = 0.1
could be reasonable. Figures [4b]and [5b]show the minor
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of Cohen’s d, using different
numbers of items I.

Figure 7. A Power values of the PAIRED, part 2.

influence of p on A Power. The smaller p the larger the
value of |APower| and vice versa. However, the overall
influence of p seems to be negligible. Appropriate
selection of p seems to be a qualitative rather than a
technical task. Further research is needed to determine
the appropriate values of p.

Performing repeated data evaluations using different
values of p could be expedient if an appropriate
selection of p seems impossible. Alternatively, p could
be chosen at random within reasonable bounds (e.g.,
using a uniform distribution on a predefined interval,
e.g., (0;0.2)). Another idea is to apply different
proportions, e.g., p; > 0 and p,, > 0 at both ends of
the RS* where p; # p, indicates differences in the
order of magnitude of the LOQs at the scale ends, i.e.,
|01] # |0,,]- Overall, the selection of p will be considered
in upcoming research.

The congruence of the splines of Figures [6a] and
indicates the number of responses k + 1 being a less
influential parameter. That is, the mean increase of
statistical power is practically identical.

Any RS refers to a limited number of responses.
Thus, applying the ilr approach also yields a limited ilr
RS and the underlying DGP must have finite variance.
Moreover, ilr transformed data are interval scaled. Thus,
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assuming normally distributed sums of ilr transformed
item responses appears to be reasonable because of
the CLT. The convergence of means of item responses
towards normality increases as the number of Items
I (i.e., summands) increases. The simulations clearly
show the minor influence of I on APower as long as
I > 1 is satisfied because the curves are practically
identical (see Figures [6b] and [7b). Thus, upcoming
research should focus on I € {1, 2}.

A limiting factor of the simulation is the finite
number of scenarios. Many more practically relevant
scenarios could exist. However, it is impossible to
account for every nuance (e.g., more or less heavy
tailed distributions, symmetric vs.  non-symmetric
distributions, larger variances s;; (i € {1,2}), different
numbers of scale items I € IN or responses k +
1 € IN, non-symmetric values of ILOQ and uLOQ
concerning the scale ends). Thus far, the results appear
to be plausible and generalizable towards symmetric
distributions with common values of I, k + 1, s;; and
symmetric LOQ (i.e., |9;| = |9,|). Additionally, they are
in accordance with the findings of [8] about the effects of
the ilr approach on the well-known correlation test based
on Student’s t-distribution. Moreover, [8]] re-evaluated
real data sets using the UNPAIRED. An overall number
of 90 re-evaluations revealed 10 additional significances
while losing 2 significances, i.e., an approximate
increase of 7.5% of significances emphasizing the
practical relevance of the ilr approach concerning
two-sample t-tests in psychometrics. However, further
research on the influences of non-symmetric LOQ and
non-symmetric DGPs on A Power is necessary.

The gain of statistical power contributes profound
managerial decision making, especially if effects are
small or moderate. Unbiased estimates of means and
standard deviations imply more accurate measures of
effect size [18]]. The ilr approach helps to overcome the
problem of low statistical power and significance at the
edge of non-significance ([40]). Moreover, the increase
of statistical power allows for a reduction of the sample
size decreasing collection costs. Further research is
needed to determine adequate reductions of the sample
size.

Increasing power implies increasing effect size [19]
affecting the assessment and predictions of future
customer satisfaction. The ilr approach yields unbiased
results (e.g., means and standard deviations, values
of Cohen’s d and d,, p-values of t-tests). While
p-values and effect sizes indicate the influence of
variables, e.g., on customer satisfaction specific weights
and parameters represent the importance of influential
variables within the BFA. Altogether, the ilr approach
yields increased and more reliable effect sizes together

Table 2. Summary of A Power over all values of p
and s2. D refers to Cohen’s d or d,, respectively.

D A Powel’UNPAIRED A POU)@I’PAIRED
0.05 0.000 0.001
0.1 0.002 0.004
0.15 0.005 0.011
0.2 0.009 0.018
0.25 0.015 0.024
0.3 0.019 0.027
0.35 0.024 0.026
0.4 0.026 0.024
0.45 0.027 0.020
0.5 0.026 0.016
0.55 0.024 0.014
0.6 0.022 0.011
0.65 0.019 0.009
0.7 0.017 0.008
0.75 0.015 0.006
0.8 0.013 0.005
0.85 0.011 0.004
0.9 0.010 0.003
0.95 0.009 0.002
1 0.008 0.002

with a larger number of significant influential variables.
Thus, it helps to improve the BFA and supports
managerial decision making based on psychometric
customer profiles and statistical inference.
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Table 3. f AP f th NPAIRED
able 3.~ Summary of A Power of the U Table 4. Summary of A Power of the UNPAIRED
(PAIRED in parenthesis) for different values of the (PAIRED i thesis) for diff t val f th
LOQ (p in %) over all values of the total variance s2. ' parénthesis) tor culferent values of the
D represents Cohen’s d (UNPAIRED) or d,

(PAIRED), respectively.

total variance (s2) over all values of the LOQ p. D
represents Cohen’s d (UNPAIRED) or d, (PAIRED),
respectively.

p 2
D 2-4 6-8 10-12 14-16 18-20 > s | 15 2 253 35 4
. . .001 O. . .
0.050.000 10.001 0.000 ~0.000 ~0.000 0.05 0.000 0.000 0.000 0.001 0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001)
(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)
0.1 0.003 0.003 0.002 0.002 0.002
0.1 0.000 0.003 0.002 0.003 0.002 0.001
(0.006) (0.005) (0.005) (0.004) (0.003)
(0.000) (0.005) (0.004) (0.006) (0.005) (0.003)
0.15 0.007 0.006 0.006 0.004 0.004
0.15 0.000 0.006 0.005 0.007 0.005 0.003
(0.014) (0.013) (0.011) (0.010) (0.008)
(0.001) (0.013) (0.010) (0.015) (0.010) (0.006)
0.2 0.012 0.011 0.010 0.008 0.007
0.2 0.001 0.011 0.009 0.013 0.009 0.006
(0.023) (0.022) (0.019) (0.016) (0.013)
(0.002) (0.021) (0.017) (0.025) (0.017) (0.011)
0.25 0.019 0.018 0.015 0.013 0.011
0.25 0.002 0.017 0.014 0.020 0.014 0.009
(0.031) (0.029) (0.025) (0.021) (0.018)
(0.003) (0.028) (0.023) (0.034) (0.023) (0.014)
0.3 0.025 0.024 0.020 0.017 0.014
0.3 0.002 0.023 0.019 0.027 0.019 0.012
(0.034) (0.032) (0.028) (0.024) (0.020)
(0.003) (0.032) (0.026) (0.038) (0.026) (0.016)
0.35 0.031 0.028 0.024 0.021 0.018
0.35 0.003 0.028 0.023 0.033 0.023 0.014
(0.033) (0.031) (0.027) (0.024) (0.020)
(0.002) (0.030) (0.025) (0.038) (0.026) (0.016)
0.4 0.033 0.032 0.028 0.024 0.020
0.4 0.003 0.031 0.025 0.037 0.026 0.016
(0.029) (0.028) (0.024) (0.022) (0.019)
(0.002) (0.027) (0.022) (0.035) (0.023) (0.014)
0.45 0.034 0.032 0.028 0.024 0.021
0.45 0.003 0.031 0.026 0.039 0.026 0.016
(0.024) (0.023) (0.021) (0.018) (0.016)
(0.002) (0.022) (0.019) (0.029) (0.020) (0.012)
0.5 0.032 0.031 0.027 0.023 0.020
0.5 0.002 0.030 0.025 0.038 0.026 0.016
(0.019) (0.019) (0.017) (0.015) (0.013)
(0.001) (0.018) (0.015) (0.024) (0.016) (0.010)
0.55 0.030 0.029 0.025 0.022 0.019
0.55 0.002 0.028 0.023 0.035 0.024 0.014
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