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Abstract

When researchers aim to test hypotheses, setting up adequately powered studies is crucial to avoid missing important
effects and to increase the probability that published significant effects reflect true effects. Without a priori good
knowledge about the population effect size and variability, power analyses may underestimate the true required sample
size. However, a specific type of a two-stage adaptive design in which the sample size can be reestimated during the
data collection might partially mitigate the problem. In the design proposed in this article, the variability of the data
collected at the first stage is estimated and then used to reassess the originally planned sample size of the study while the
unstandardized effect size is fixed at a smallest effect size of interest. In this article, we explain how to implement such
a two-stage sample-size reestimation design in the setting in which interest lies in comparing means of two independent
groups. We investigate through simulation the implications on the Type I error rate (T1ER) of the final independent
samples ¢ test. Inflation can be substantial when the interim variance estimate is based on a small sample. However,
the T1ER approaches the nominal level when more first-stage data are collected. An R-function is provided that enables
researchers to calculate for their specific study (a) the maximum T1ER inflation and (b) the adjusted a level to be used
in the final # test to correct for the inflation. Finally, the desired property of this design to better ensure the power of the
study is verified.
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Performing a null hypothesis significance test (NHST)
on data can result in erroneous conclusions by either
incorrectly rejecting the null hypothesis or incorrectly
failing to reject the null hypothesis (Neyman & Pearson,
1928). The former is referred to as a “Type I error.” The
maximum Type I error rate (T1ER; i.e., @) of a study is
controlled, under certain statistical assumptions, at the
significance level used for the NHST (typically 5%). The
latter is referred to as a “Type II error.” The Type II error
rate (i.e., p) of a study received less attention in the
past. However, researchers increasingly realize the
importance of also controlling this error rate, which can
be achieved by properly powering the study (.e., 1 —f;
e.g., aiming for a power of 80% limits the Type II error
rate to 20%). Power is the probability to detect an effect,
when there actually is one, and depends on, among

other things, the collected sample size. Thus, careful
consideration of the sample size is crucial to ensure that
a study has sufficient statistical power. Unfortunately,
sample-size decisions are in practice still often based on
resource constraints (e.g., time, money, or unavailability
of data), a general rule of thumb or common practice
that dominates the scientific field, or intuition (Bakker
et al., 2016; Bakker & Wicherts, 2011; Lakens, 2022).
These approaches generally lead to feasible small-
sample sizes that lack the power to detect effects. The
power of a typical psychological study investigating the
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difference between two independent groups has been
estimated to be below 50% (Cohen, 1990) or even 35%
(Bakker et al., 2012).

The importance of proper statistical power in research
cannot be overstated. Many of the problems currently
confronting the field of psychology partly originate from
underpowered research (e.g., file-drawer problem, rep-
lication crisis; Fraley & Vazire, 2014; Rosenthal, 1979).
Studies with low power are less likely to detect an exist-
ing effect and therefore have a higher probability to turn
out nonsignificant. Nonsignificant research results are
hard to publish in scientific journals (i.e., publication
bias) and most likely just disappear in the researcher’s
file cabinet (Fanelli, 2012). Such research is inefficient,
wasteful, and above all, uninformative. Failing to detect
an effect leaves the researcher in doubt: Did the negative
outcome follow because no true effect exists or simply
because the sample size of the study was too small to
detect it? In addition, when low-powered research does
achieve significance and gets published, several prob-
lems arise. First, the reported effect-size estimates of
these studies tend to be upwardly biased. In studies with
small sample sizes (and hence, low power), the effect-
size estimate will vary widely around the true value.
Significant results rise only from large effect sizes, lead-
ing to inflated estimates being reported in the literature.
Second, the findings of these studies are less successfully
replicated because they are more likely to reflect a false-
positive result. Researchers who initially obtained non-
significance for their primary analysis (which often occurs
when faced with low power) may resort more easily to
questionable research practices, such as p-hacking, to
manipulate the “unlucky” result into a significant one
that can be published (Fanelli, 2009; John et al., 2012).
These practices often lead to an inflation of the T1ER,
which increases the chance that the published result is
a false-positive one. The proportion of false positives in
a research area is determined not solely by the possibly
inflated significance level used in the individual studies
but also by the overall statistical power of the studies in
that area (Ioannidis, 2005; Pashler & Harris, 2012;
Wacholder et al., 2004). In research areas with low typi-
cal study power, the false-positive rate (i.e., the number
of false positives divided by the sum of false positives
and correct hits) will be high because there will be fewer
correct hits compared with well-powered research areas.
Thus, when a study reports a significant effect, the prob-
ability that it reflects a false-positive result is higher
for an underpowered study (area) than for a properly
powered study (area).

Adequately powered research is crucial to tackle the
problems described above. To try to ensure that an
empirical study, in which the goal is to test a specific

hypothesis, is appropriately powered, the sample size
of the study is ideally determined by performing a
sample-size calculation (also called a “power analysis”).
Sample-size calculation gives an indication on the mini-
mum number of observations that need to be collected
for a study to find a certain effect with sufficient power.
In the next section, we explain how such sample-size
calculation can be performed for the two-sample ¢ test.!
In this article, we focus on sample-size calculations in
which the effect (i.e., difference in means) and the vari-
ance of the data are separately defined as opposed to
using a standardized effect. In addition, we recommend
to fix the effect at a theoretical meaningful effect, which
the researcher can define based on their own judgment
and research goals. This leaves researchers with the esti-
mation of the variance before sample-size calculation
can be performed. How such variance estimate can be
obtained depends on how the sample-size calculation
is implemented into the study design. In this article, we
discuss two possible approaches. The first option, which
is also the most dominant and well-known approach in
psychological research, is to perform the sample-size
calculation a priori. This approach fits within the tradi-
tional fixed design, in which the study design (including
the sample size) needs to be fixed before data collection
starts. Calculating the required sample size beforehand
ensures strict control of the T1ER (when no questionable
research practices are conducted) but is difficult because
the population variance needs to be estimated a priori
without any study data. As we show, this approach will
generally not solve the problem of underpowered stud-
ies. A second option, which is much less known in
psychological research and is mainly used within clinical
trials, is to allow the sample-size calculation to be con-
ducted sometime during the course of the study, thereby
enabling to use the first collected data to estimate the
variance parameter necessary for sample-size calcula-
tion. This design is referred to as the “internal-pilot-
study” (IPS) design and belongs to the group of adaptive
designs because the sample size is not fixed in advance.
Note that the effect (i.e., difference in means) is not
estimated on the first collected data but remains set at
the smallest meaningful effect during the midstudy sample-
size calculation. As we show, using the IPS design to
determine the sample size of a study can preserve the
T1ER with some (minor) correction and might improve
the chance of obtaining a well-powered study compared
with the a priori power analysis approach because a
more accurate estimate of the variance can be obtained
(explained later in article). We conclude by providing a
detailed step-by-step guide that explains the implemen-
tation of the IPS design in a study employing the two-
sample ¢ test, including a practical example.
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Sample-Size Calculation for the
Two-Sample ¢ Test

Formula for Student t test

Suppose a researcher is interested in comparing the
means of two groups, assuming the observations in each
group are obtained from a normal distribution with each
a population mean p, (j=1,2) and an unknown but
common variance ¢”. The researcher can then test the
null hypothesis, stating there is no difference in means
(H,:u, —p, =0) against the two-sided alternative
(H,:u, —pn, #0), with the Student ¢ test.? For a given
a, the researcher wants the test to have a power of
1 - B to detect a certain difference in means (; see later).
The necessary sample size for uncovering & with this
specified power can be calculated from the following:

2
_ (Zl—a/?. + Zl—ﬁ)

Nl 2
O xm,

x o’ x(1+m,), (D

where z, denotes the y-percentile of the standard normal
distribution® and n, signifies the desired ratio of the
sample size of Group 2 to Group 1 (n,: N,/N,). Although
it is generally recommended to collect two equally sized
groups whenever possible, the inclusion of the m, param-
eter in the equation enables sample-size calculation in
situations in which gathering equally sized groups
proves challenging. For instance, when data for a control
group (Group 1) are much more readily available than
data for a treatment group (Group 2), the researcher may
decide to make Group 1 twice as large as Group 2 by
setting 7, to .5. Whereas the required sample size of the
study for Group 1 is directly given by Equation 1, the
required sample size for Group 2 can easily be obtained
by multiplying NV, with m,. Because the common popula-
tion variance 6° is generally unknown in practice, it first
needs to be estimated before the sample-size calculation
can be performed. When replacing the common popula-
tion variance ¢” by its estimate, the resulting sample
sizes from Equation 1 should be viewed as estimates (I,
and N,) of the true unknown required sample sizes (V,
and N,, respectively).

Note that the sample-size calculation can also be
performed with a standardized effect size, in which the
difference in means (&) and the variability of the data
(o) are combined in one measure (e.g., Cohen’s d). In
practice, researchers often power their study for a small,
medium, or large standardized effect. This approach is
tempting because the researcher can just use the rules
of thumb by Cohen (1988) to specify the standardized
effect for the sample-size formula and does not need
to worry about estimating the variance. However, the
challenge with this approach is that it is difficult to
disentangle 8 and ¢ and the researcher does not know

what difference in means the study is actually powered
for; it could be a very small or very large difference,
depending on the actual variance (which is not known).
As a result, the researcher does not have great control
over or insights into the statistical power of the study
(Cummings, 2011). In this article, we therefore focus
only on the best practice of performing a sample-size
calculation with a separate estimate for the effect 6 and
the variance .

Formula for Welch t test

Consider the same scenario as above, however now, the
researcher does not assume a common variance between
both groups. Then, the Welch ¢ test should be per-
formed to test for significance, and the formula for sample-
size calculation has to be modified to allow for unequal
population variances between groups:

2
_ (Zl—ot/Z + Zl—ﬁ)

N
! & xm,

x o} x (m, +m,), (2)

where the additional parameter m; represents the ratio
of the population variance of Group 2 relative to Group
1 (n:65/0}). Again, the population variances of both
groups first needs to be estimated to be able to estimate
n, and perform the sample-size calculation to obtain N,
and NZ.

Sample-size calculation for the independent samples
¢ test like in Equation 1 and Equation 2 can also be
performed with the R function power t test () from
the package MESS (Ekstrgm, 2020), which yields an
exact (as opposed to an asymptotic approximate) result
of the required sample size.

Defining 5

Because the purpose of an independent samples ¢ test
is to uncover the effect that is present in the population,
d in Equations 1 and 2 is typically defined as an estimate
of this population effect. However, obtaining an accurate
estimate of the population effect is very challenging,
especially in the fixed-sample design, in which it needs
to be defined before any data of the study are collected.
In the first place, it is unsure beforehand whether a
population effect exists, after all. In the second place,
techniques such as using estimates of the population
effect published in related literature (e.g., a meta-
analysis or a previous similar study; Fritz et al., 2012;
Polit & Beck, 2004) for the sample-size calculation of
the current study generally lead to underpowered stud-
ies. Because of publication bias, reported estimates are
inflated (i.e., larger than the true effect) and will cause



Vankelecom et al.

100 9g 99 100 100

P R EEELEEEL PR

60 65
53

Power

40 42
35
29

20

2 18 16 14 12 1
S? Smaller by

1.2 14 16 18 2
S? Larger by

Fig. 1. The empirical power of a study when the a priori power
analysis is performed with a & of 0.5, a level of 5%, desired power
level of 80%, and a variance estimate ranging from 2 times smaller to
2 times larger than the true common variance (when the true differ-
ence in means equals ).

the calculated sample size of the current study to be
lower than what is needed for finding the population
effect with specified power (Albers & Lakens, 2018;
Brysbaert, 2019; Lakens, 2022). In addition, effects in the
literature are often reported in the standardized way,
making them useless for obtaining an estimate of the
difference in population means 5.

Instead of trying to estimate the population effect, the
researcher could just perform the sample-size calculation
for a meaningful effect. A meaningful effect can be
defined as the smallest effect that the researcher finds
worthwhile to discover with the study and is in the lit-
erature often referred to as the “smallest effect size of
interest” (SESOD). When one uses an (unstandardized)
SESOI for & in Equations 1 and 2, the resulting sample
size will ensure that a population difference in means
of this size or larger is detected with desired power.
When the true difference is smaller than the SESOI, and
therefore too small to be considered interesting accord-
ing to the researcher, it can still be identified with the
collected sample, however, only with (much) lower
power. For example, when a researcher decides, after
careful consideration, to conduct the sample-size calcu-
lation with a SESOI of 0.5, only a true difference in
means of 0.5 units or higher will be detected with speci-
fied power. The advantage of this approach is that the
researcher can be confident the smallest difference in
means considered interesting is found by the  test with
desired power (however, this is the case only when the
variance is also accurately estimated; see further) and
therefore can draw proper conclusions about the pos-
sible absence of an effect (Aberson, 2019; Albers &
Lakens, 2018; Lakens, 2022; Lenth, 2001). What SESOI

should be considered for the study is up to the researcher
but should optimally be based on theoretical predictions
or practical considerations. For a review of different
approaches to determine the SESOI, see Lakens et al.
(2018). When fixing & at a theoretical smallest meaning-
ful effect, estimating the variance of the data is the only
remaining challenge before sample-size calculation can
be performed. In the next two sections, we outline two
different strategies to obtain such variance estimate by
implementing the sample-size calculation either a priori
or midstudy.

A Priori Sample-Size Calculation

The most common way in research to perform sample-
size calculation for a study is a priori because this is in
line with the dominant fixed-sample approach. However,
this also means that an estimate of the population
variance(s) needs to be available before any data are
collected. Typically, very little information is available in
published literature about the variance. Even when a
variance estimate or the data of a related study are pro-
vided, the variance may differ from that of the current
study, for example because of subtle differences in exper-
imental setup or because of a more or less heterogeneous
population. Therefore, one of the only options to obtain
an a priori variance estimate is to gather a pilot sample
for both groups before the main study and use these data
to estimate either the common variance ¢” (for sample-
size calculation for the Student ¢ test; Equation 1) or the
variance ratio m; (for sample-size calculation for the
Welch ¢ test; Equation 2). Because pilot data are sup-
posed to be discarded after variance estimation, the
researcher typically limits the size of the pilot sample to
avoid waste of data (e.g., only five observations per
group). Because of this small sample, the obtained esti-
mates for 6° or 7, will vary substantially around their true
values. Figure 1 illustrates what happens to the power
of a study to detect an unstandardized SESOI of 0.5
(when this effects truly exists in the population) when
an estimate that is either smaller or larger than the true
common variance is used for ¢* in Equation 1. For
instance, when the estimate obtained from the small pilot
sample is 2 times smaller than the true variance, the
power to detect the SESOI drops from the intended 80%
to 29%. Similar consequences on power are present when
misspecifying o; and =, in Equation 2. Although under-
powered studies are prevalent, overpowered studies are
much less common in research because large variance
estimates from the pilot sample that result in excessively
large sample sizes are often not pursued for further study
(i.e., follow-up bias). To avoid the risk that a study is
insufficiently powered to detect a certain mean difference
of interest, a more precise estimate of the population
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variance(s) is crucial. This can be accomplished only by
using more data for the variance estimation. The IPS
design, which is outlined in the next section, can realize
this without having to waste any pilot data.

IPS Design

In the IPS design, the pilot sample used to estimate the
common variance 6 or the variance ratio m, is “internal-
ized” into the final data and is no longer discarded. In
other words, ¢” or 7, is estimated on the first collected
observations of the study and is then used to reestimate
the final sample size with Equation 1 or Equation 2,
respectively, when & is from the beginning fixed at a
smallest meaningful mean difference. The IPS design is
therefore also often referred to as “blinded” sample-size
reestimation (“blinded” because the population mean
difference is not estimated interim®). The advantage of
this design is that more accurate variance estimates can
be obtained for sample-size calculation without wasting
any data, thereby improving the power of the study. The
disadvantage is that a small inflation of the T1ER may
occur (see later). The IPS design is an adaptive design
because the sample size is not predetermined as usual
but can still be modified midstudy. More specifically, it
is a two-stage adaptive design because there is only one
interim analysis in which the variance is estimated. Fig-
ure 2 gives a general overview of the different steps in
the IPS design. The first step consists of performing an
initial sample-size calculation with an initial variance
guess and is solely intended to give the researcher an
idea of a reasonable internal pilot size (e.g., 50% of the
initially planned sample size is collected as internal
pilot). This first step can also be omitted when research-
ers have already decided beforehand how many inter-
nal pilot data they can or want to collect. The size of
the internal pilot is completely up to the researcher.
However, it is important to keep in mind that only large
internal pilots will lead to more precise variance esti-
mates. After gathering these first-stage data, the vari-
ance is estimated and used to update the sample size
of the study. Then, the data collection proceeds until
the reestimated sample size is reached (i.e., second-
stage data). At the end, the data of both stages are
pooled together for each of the two groups, and the
two-sample ¢ test is performed in the same way as in
the regular fixed design.

The IPS design was first introduced by Stein (1945)
and was then further elaborated within the clinical-trials
literature by Wittes and Brittain (1990) and Birkett and
Day (1994). Since then, numerous research has been
conducted on the IPS design for the two-sample ¢ test.
However, all this research focused exclusively on describ-
ing and investigating the design for studies assuming a
common variance ¢° (Student ¢ test) and having two
equally sized groups. To make the design accessible for
all kinds of studies using the two-sample ¢ test, we con-
structed the sample-size formulas in Equations 1 and 2
to use at the interim analysis. Equation 1 can be used for
sample-size reestimation by studies aiming for the Stu-
dent ¢ test, and Equation 2 can be used for studies plan-
ning to use the Welch ¢ test, both also allowing unequal
sample sizes between the two groups. Making the
sample-size reestimation procedure also accessible for
the Welch ¢ test is important because there are typically
no strong reasons in psychological research to assume a
common variance (Delacre et al., 2017). Psychological
studies often compare outcomes in preexisting groups,
which already have a different variance from the
beginning. Even when the group assignment in (quasi-)
experimental designs is completely randomized and the
variances of the outcome in the two groups are initially
the same, deviation from the homoscedasticity assump-
tion may occur later when the experimental treatment is
induced. In what follows, the procedure for interim vari-
ance estimation will be reviewed in more detail: first for
the Student ¢ test (estimation of ¢°) and then for the
Welch 7 test (estimation of ).

For the Student t test

When there is a common variance in the data, the &°

parameter of Equation 1 can be estimated at the interim
analysis in two different ways: blinded or unblinded.
Blinded variance estimation implies that the treatment-
group information remains hidden at the interim analy-
sis. When it is not known which observations belong to
which group, the only option for estimating the popula-
tion variance is to pool all the first-stage data together
(over the two groups) and calculate a naive one-sample
variance estimate. However, this naive estimator is biased
when the effect in the population is nonzero. More spe-
cifically, the naive estimator will then overestimate the
true common variance, which leads to unnecessarily
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large final sample sizes when used as estimator for ”
in Equation 1. Figure 3a illustrates how much the true
required sample size is overestimated with the naive
variance estimator for different effect sizes in the popu-
lation. The amount of overestimation depends only on
the ratio of the effect present in the population relative
to the variance. For example, when the difference in
population means is equally large as the common vari-
ance in the data (i.e., § = 1), the inflation factor is about
1.25, meaning the researcher will, on average, collect
25% more data than necessary. The naive variance esti-
mate obtained at the interim analysis can be refined by
adjusting it with the effect under the assumed alternative
hypothesis (Gould & Shih, 1992; Zucker et al., 1999).
However, this adjusted estimator still overestimates the
true variance (and therefore leads to unnecessarily large
sample sizes) when the true effect is larger than what is
prespecified under the alternative (Friede & Kieser, 2001;
Miller, 2005). Despite the risk of collecting more data
than necessary, Kieser and Friede (2003) demonstrated
that the T1ER of the final Student ¢ test is approximately
controlled at the nominal a level with blinded interim
variance estimation, both with the naive and the adjusted
variance estimator.

The alternative is to unblind the treatment groups and
use this extra information to calculate the pooled vari-
ance estimate of the internal-pilot data. Using the pooled
estimator for 6” in Equation 1 does not result in a sys-
tematical overestimation of the true required sample size
but does, however, lead to another problem. With
unblinded variance estimation, the pooled variance esti-
mated at the end of the data collection, which is used

to construct the final Student 7 statistic, will underesti-
mate, on average, the true common variance (Friede &
Kieser, 2006; Wittes & Brittain, 1990; Wittes et al., 1999).
The reasoning is as follows. An initial overestimation of
the true variance based on the internal-pilot sample may
return more easily to the true value at the end of the
data collection compared with an initial underestimation
of the variance because the former will have a larger
amount of additional observations in the second stage
(Friede & Miller, 2012). Because of this negative bias in
the final pooled variance estimator, an inflation of the
T1ER may occur. This inflation will be larger for smaller
internal-pilot samples because the average underestima-
tion of the final pooled variance will be larger (more
variation of the initial estimates around the true value).
With blinded variance estimation (discussed above), the
underestimation of the final pooled variance is masked
by the unnecessarily large sample sizes that are often
collected in the second stage with this approach, result-
ing in (almost) no T1ER inflation. With this knowledge
at hand, it is up to the researcher to decide which pro-
cedure to use for interim estimating the common vari-
ance. Is it more important to have a strict control of the
a level (with the possibility of collecting too much data;
blinded estimation) or to have a more accurate sample-
size estimation to save resources (however, with a slight
possible inflation of the T1ER; unblinded estimation)?

For the Welch t test

When population variances are not equal, using the
blinded naive estimator might not always be the best
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choice. In that case, there is only one variance estimate,
and the researcher has no information on m; and needs
to proceed with Equation 1 instead of Equation 2. Figure
3b shows the bias in the naive estimator when having
unequal population variances in combination with dif-
ferent group-size ratios and when the true difference in
means equals 0.5. Note that the inflation factor at T, =1
(which is the same for all group-size ratios) corresponds
to the inflation factor for the true difference in means
of 0.5 displayed in Figure 3a. For equally sized groups,
the inflation factor remains relatively stable when the
ratio of population variances moves from equal to
unequal. When dealing with equally sized groups,
blinded estimation for the Welch 7 test can thus be per-
formed with similar consequences on the inflation of the
estimated sample size as displayed in Figure 3a (however,
this is the case only when also having equally sized internal-
pilot groups!). For unequally sized final groups (with
unequal variances), the naive estimator becomes seriously
biased: It largely overestimates the true sample size when
the largest group has the largest variance (m, >1) and
underestimates the true sample size when the smallest
group has the largest variance (w, <1). These results are
even further exacerbated when the true difference in
means is larger than 0.5 and/or when the amount of pilot
data for the two groups with unequal variances is not the
same. Even though a T1ER inflation is avoided with
blinded variance estimation, when dealing with unequally
sized groups (or unequally sized internal-pilot groups),
it is not recommended to perform the interim variance
estimation for the Welch ¢ test blinded.

The alternative is again to unblind the two treatment
groups and estimate the population variance of Group
1 and Group 2 separately. These estimates can then be
used to construct ft;, which can be plugged into Equa-
tion 2 together with the estimated variance of Group 1
for the sample-size reestimation. We refer to this estima-
tion as the “n; estimator.” Similarly as for the unblinded
pooled estimator for the Student ¢ test, the unblinded
estimation procedure for the Welch ¢ test yields an unbi-
ased estimation of the true required sample size but
does, however, come with a slight inflation of the T1ER.
The T1ER of the IPS design with unblinded variance
estimation is now explored for both the Welch # test and
the Student ¢ test in the next section.

T1ER of the IPS Design
Method

A simulation study was performed to investigate the
consequences of using the IPS design with unblinded
variance estimation on the T1ER of the final two-sample
¢ test when no correction of the a level is implemented.
The simulation code is available at https://osf.io/mabrz/.

The T1ER of the Student # test was calculated for the IPS
procedure with the pooled variance estimator, whereas
that of the Welch ¢ test was calculated for the IPS pro-
cedure with the n; estimator. To obtain the T1ER levels,
the data of both groups were simulated under the null
hypothesis of no difference in means. However, a spe-
cific value of the smallest difference in means considered
interesting had to be specified to perform the midcourse
sample-size calculation (because the difference in means
is not estimated based on the first-stage data). This value
of the SESOI was chosen in such a way that in combina-
tion with the variance with which the data of both
groups were simulated, the resulting true required sam-
ple size (to detect the SESOI with 80% power) was larger
than the internal-pilot size by a certain multiplication
factor A.

The T1ER was explored for different scenarios: either
two equally sized (n, = 1) or two unequally sized (n, # 1)
treatment groups in combination with either an equal
variance (r, = 1) or an unequal variance (%, # 1) between
them. The simulation study was initially carried out with
equal internal-pilot sizes for the two groups even when
the final group sizes were unequal (w, # 1). However, it
is not a realistic assumption that researchers will always
be able to collect the same amount of first-stage data for
both groups. To gain some insights in how unequal
internal-pilot sizes affect the T1ER, the simulation study
was performed again with internal-pilot sizes that fol-
lowed the same w, ratio as the final sample sizes (while
keeping the total internal-pilot size identical to the simu-
lation with equally sized pilots). Further details on the
simulation study can be found in Appendix A. The T1ER
results are first discussed when the correct IPS procedure
is applied in the correct scenario, that is, the procedure
with pooled estimator and Student # test when homosce-
dasticity holds (a common population variance) and the
procedure with the n; estimator and Welch ¢ test when
homoscedasticity does not hold (unequal population
variances). At the end of this section, we show the
impact on the T1ER of both procedures when homosce-
dasticity/heteroscedasticity was inaccurately assumed.

Results: equal internal-pilot size

In Figure 4, the T1ER of the Student ¢ test in the IPS
procedure with the pooled estimator is displayed for
the scenarios in which the two groups have an equal
variance (Fig. 4a), and the T1ER of the Welch ¢ test in
the IPS procedure with the m; estimator is displayed for
the scenarios with unequal variances between groups
(Fig. 4b). The Student T1ER does not seem to be influ-
enced by how unequal the group sizes of the study are.
The Welch T1ER, on the other hand, slightly increases
for more unequal variances/group sizes when the
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Fig. 4. The Type I error rate inflation of the internal-pilot-study design with unblinded variance estimation (a) for the Student ¢ test
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different values of A and internal-pilot size (equal for both groups) and investigated for different combinations of variance ratio (rw,)
and sample-size ratio (w,). The nominal a level of 5% is represented by the black dotted line.

smallest group has the largest variance (n, values smaller
than 1), although this trend is reversed when the largest
group is related to the largest variance (m, values larger
than 1).

The T1ER levels are displayed for different values of
A and internal-pilot size (per group). A value of A =1
means that the total true required sample size (to uncover
the SESOI with 80% power) is equally large as the
already collected internal pilot. With A =2, the internal
pilot includes half of the total true sample size. The
larger A is, the smaller the proportion of the total required
sample size that is collected during the first stage is. The
results show that for a fixed internal-pilot size, the T1ER

reaches a peak when the multiplication factor A is some-
where between 1 and 10. The average A in which the
T1ER is maximized is around 2.4. The reason why the
T1ER returns to the nominal a level when A is either
very small or very large is that a design with a very large
or very small internal pilot (respectively) relative to the
total true required sample size resembles a fixed design
without interim sample-size reestimation. In addition, it
can be observed that the inflation decreases substantially
when more data are collected during the internal-pilot
stage. Using a large sample to obtain an interim variance
estimate for sample-size reestimation leads to an actual
T1ER close to the nominal a level.
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Results: unequal internal-pilot size

The T1ER of the IPS procedure with the Student ¢ test
and the Welch ¢ test was simulated for the same param-
eter configurations as in the simulation results described
above, but now the first-stage data were collected with
the same =, ratio used for the final sample sizes. Figure
5 compares the maximum T1ER when the ratio of the
internal-pilot sizes is either always 1 (equal pilot sizes;
i.e., the peaks of Fig. 4) or follows 7, (unequal pilot sizes
when 7, #1). The maximum Student T1ER remains the
same whether the pooled variance is estimated based
on equally sized or unequally sized internal-pilot groups
(Fig. 52). On the contrary, the maximum Welch T1ER is

in most cases higher when estimating m;, based on
unequally sized pilot groups compared with equally
sized internal pilots (Fig. 5b). This increase in inflation
is due to the fact that for unequal pilots, the variance of
one of the groups needs to be estimated with a smaller
sample. For instance, suppose a total internal pilot of 20
observations and a m, of 0.33 or 3. The variance of each
group can be estimated on each 10 observations when
there are equal pilot sizes but can be based on only five
observations for one group and 15 observations for the
other group when the pilot ratio follows m,. The increase
in inflation is especially large when this small pilot of
five observations also needs to estimate the largest vari-
ance (i.e., m, =0.33). When the size of the smallest
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internal-pilot group increases (e.g., to 25 observations
in case of total pilot of 100 and m,. of 0.33 or 3), the
additional inflation of having unequal pilot groups
nearly disappears. Thus, there is no extra consequence
on the Welch T1ER when collecting unequal internal-
pilot groups when also the smallest of two pilot groups
consists of a sufficiently large sample.

From simulation to practice

The above-discussed findings offer valuable insights into
the behavior of the T1ER inflation of a study implement-
ing the appropriate IPS procedure with unblinded vari-
ance estimation. The results demonstrate that when a
researcher is willing/able to collect a large number of
first-stage data in both groups to estimate the interim
variance for sample-size reestimation, the T1ER inflation
for both the Welch procedure and the Student procedure
is negligible, regardless of how unequal (internal pilot)
group sizes or population variances may be.® For exam-
ple, collecting an internal pilot of at least 30 observations
in both groups ensures that the T1ER will never be
higher than 0.055. However, it is worth acknowledging
that resource limitations, time constraints, or practical
challenges may hinder the collection of a large internal-
pilot sample for both groups. In cases in which one or
both groups can provide only a (very) limited number
of observations for unblinded interim variance estima-
tion, the T1ER inflation may become noteworthy. We
developed two R functions (one for the Student ¢ test
and one for the Welch ¢ test) that can determine for each
specific study with IPS design what the maximum T1ER
inflation of the study is, accompanied by the correspond-
ing adjusted a level to control the T1ER of the test at the
originally planned nominal level a.. This adjusted a level
can be used as significance level in the final two-sample
¢ test in studies in which a strict control of the a level is
desired or necessary. When correction of the a level is
deemed unnecessary, we believe it is both good practice
and transparent to disclose the maximum T1ER inflation
associated with the study in the respective publication.

R function

We provide two different R functions: the find adjal
pha welch () function gives the maximum T1ER infla-
tion and adjusted a level for a study performing the
interim variance estimation with the m, estimator and
using the Welch  test at the end and the find adjal
pha student () function for the pooled variance esti-
mator and the Student 7 test at the end. To be able to
calculate the adjusted o level, the T1ER of the specific
study applying the TIPS design should first be identified.
Remember from the simulation studies that the T1ER
greatly depends on A. The value of A is never known in

practice because A relies on the true required sample size
of the study (which is exactly what researchers try to
estimate with the IPS design). The best one can do is
search for the maximum T1ER for the specific study (i.e.,
searching for the peaks of the curves like in Fig. 4). In
this way, regardless of the unknown A, researchers can
be informed about the worst-case T1ER inflation appli-
cable to their study. This maximum inflation level can, in
turn, be used to find the necessary adjusted o level. The
adjusted o level can be determined using an iterative
algorithm (Kieser & Friede, 2000), which is described in
Appendix B. Because the adjusted a level departs from
the maximized T1ER, using the adjusted a level as sig-
nificance level in the final ¢ test will lead to a conservative
correction of the T1ER inflation.

The R function should be applied by the researcher at
the interim analysis, after the first-stage data are collected.
In this way, when deciding to use the adjusted a level for
the final ¢ test, the obtained adjusted a level can already
be used as significance level in the formula for sample-size
reestimation (which is beneficial for the power of the
study). For the find adjalpha welch () function,
the value for m,, the size of the internal pilot that was col-
lected in both groups, and the estimated variance ratio @,
based on the internal pilot needs to be specified at the
interim analysis. When applying the find adjalpha
student () function, m; is assumed to be 1. Only the
value for m, and the internal-pilot size are needed to exe-
cute this function. For the set of parameters defined at the
interim analysis, the two functions yield two essential out-
comes: the maximized T1ER and the associated adjusted
a level for subsequent application in the ¢ test. The func-
tions accomplish these objectives through a structured
three-step process: (a) Use simulation to obtain the T1ER
over a range of different A values, (b) extract the maxi-
mized T1ER, and (¢) use this maximized T1ER in the itera-
tive algorithm to acquire the corresponding adjusted o
level (Kieser & Friede, 2000). For a more detailed descrip-
tion of how the functions operate and the R code, see the
Supplemental Material available online (also available at
https://osf.io/mabrz/). To verify whether the functions can
define the correct maximized T1ER (and thus also the cor-
rect adjusted a leveD) for a specific parameter set, the maxi-
mum T1ER found in the simulation study is compared with
the maximized TI1ER obtained with the functions
(for both the Welch ¢ test and the Student ¢ test). For results,
see Appendix C. Later in the article, we provide an example
of implementing the R function in the IPS procedure.

IPS procedure for Student t test or
Welch t test?

The choice of using the IPS procedure for the Student ¢
test (with the pooled estimator) or the Welch ¢ test (with
the m; estimator) depends on the belief of the researcher
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for different values of A, internal-pilot size (equal for both groups), m;, and m,.

whether the homoscedasticity assumption for the study
holds. However, researchers can never make this assump-
tion with certainty; they can make only an informed
guess. Figure 6 illustrates what happens to the T1ER of
the two-sample ¢ test when the “wrong” IPS procedure
is used for the study, that is, the Welch procedure is used
when, in reality, there are equal variances (Fig. 6a) or
the Student procedure is used when, in reality, there are
unequal variances (Fig. 6b). It can be observed that the
Welch T1ER remains in the same (relatively small) range.
The Student T1ER remains in the same range when the

group sizes (and the internal-pilot group sizes) are equal
in both groups but completely derails when group sizes
are unequal. Then, the Student T1ER becomes either
very conservative (for studies in which the largest group
has the largest variance; n, > 1) or very liberal (for stud-
ies in which the smallest group has the largest variance;
n, <1). The further the variance ratio and group-size
ratio move away from 1, the more the T1ER for the Stu-
dent ¢ test approaches zero when m, > 1 or exceeds the
nominal a level when m, <1. The conservative and lib-
eral T1ER inflation rates of the Student ¢ test found here
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are in accordance with the findings of Delacre et al. (2017)
for these scenarios within the fixed-sample design. One
important takeaway from these results is that the IPS pro-
cedure with the pooled estimator and the Student 7 test
can be “safely” used only in studies with equally sized
final groups (and equally sized internal-pilot groups). Only
then can it be assured that the IPS procedure for the Stu-
dent 7 test can be employed without severe consequences
on the T1ER and with an (more or less) accurate adjusted
o level obtained with the find adjalpha student ()
function. When the researcher knows beforehand that
large deviations from equal (internal) group sizes are
expected, it is definitely safer to use the IPS procedure
with the m; estimator and the Welch ¢ test.

Power of the IPS Design
Method

To verify the property that the IPS design better guaran-
tees the power of the study, a second simulation study
was executed. The simulation code is available at https://
osf.io/mabrz/. The power of the IPS procedure for both
the Welch ¢ test and Student ¢ test was investigated for
the same parameter configurations of group-size ratio
(m,), group-variance ratio (m,), and internal-pilot size as

d

used in the T1ER simulation. Because the power is not
dependent on A (as was the case for the T1ER), the power
was for all scenarios simulated with a fixed population
effect (i.e., difference in means) of 0.5. The same value
of 0.5 was used as SESOI for the midcourse sample-size
reestimation to be able to evaluate how well the IPS
design reaches the intended power level. The population
variance of Group 1 was for all scenarios set to 1 and
was multiplied by m; for the variance value of Group 2.
For each of the scenarios, the average empirical power
and the range of the power over simulations (defined by
a lower and an upper bound) were calculated. The simu-
lation study was performed with a desired power of 80%
and an a level that equals the adjusted o obtained with
either the find adjalpha_ student () function (for
the power of the Student IPS procedure) or the £ind
adjalpha welch () function (for the power of the
Welch IPS procedure) for the specific scenario. For more
details on the simulation study, see Appendix D.

Results

Figure 7 displays the results for the average power (top)
and the power range (bottom) for the Welch ¢ test (Fig.
7a) and the Student ¢ test (Fig. 7b). The average power
of the Welch ¢ test approaches the intended 80%,
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and (b) the Student 7 test for the same parameter configurations of n;, m,, and internal-pilot size (per group) as in the Type-1-error-

rate simulation.

especially when internal-pilot size increases (e.g.,
around 70% for a small internal pilot of five observations
per group, around 80% for 50 observations per group).
There is a small influence of m, and n, on the resulting
power: It is slightly smaller when the population vari-
ances of both groups are more unequal (m; > 1), lowest
for unequally sized groups when the smallest group is
related to the largest variance (, < 1), and highest when
the largest group is related to the largest variance (m, > 1.
In some cases, the average empirical power rises sub-
stantially above the intended power level. This is because
the collected internal pilot of one of the groups is larger
than the true required sample size of that group. In the
bottom row of Figure 7a, the 10% lower bound and 90%
upper bound for the power are added. Because the dif-
ference in both the lower and the upper bounds is mini-
mal for different values of n,, only the minimum lower
bound and maximum upper bound over all values of =,
are plotted. In addition, over different values of =n,, the
bounds remain very similar. The range of the power is
large when the collected internal pilot is small and

narrows considerably when the internal-pilot size
increases. For example, the power of a single study
performing sample-size reestimation after gathering five
observations per group can be as low as 20% when the
variance is underestimated or can be almost 100% when
variance is overestimated. A severe under- or overestima-
tion of the variance, and therefore of the required sam-
ple size, is less likely when more data are collected
during the internal-pilot stage. An internal pilot of, for
example, 30 observations per group will in almost all
cases result in a study with a power not lower than 57%
or higher than 92% to uncover the SESOI. The power of
the Student ¢ test is slightly better than the power of the
Welch ¢ test in the case of equal population variances
(n, =1; in terms of both average power and power
range). When variances are unequal but group sizes
remain equal (n, =1), the power remains similar to the
power of the Welch ¢ test (we saw the same thing hap-
pening with the T1ER in this scenario). When both vari-
ances and group sizes are unequal, the power of the
Student ¢ test becomes distorted. A study in this scenario
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> find_adjalpha_welch(nl.1 = 15, nl1.2 = 15, est.pil = 1.67, pi2 = 0.5, alpha_nom = 0.05)
[1] "Refine sample size value for this parameter configuration"

| ++++++++++++HHH | 100% elapsed=33s
[1] "Searching for the adjusted alpha-level..."

| ++++++++++++HHH | 100% elapsed=30s

| ++++++++++HHH | 100% elapsed=27s

$ Adjusted alpha®
[1] 0.04332597

$ Maximized T1ER®
[1] 0.05770212

Fig. 8. Example of the output of the find adjalpha welch () function

performing the IPS procedure for the Student ¢ test will
be overpowered when the smallest group has the largest
variance (m, <1) and will be extra underpowered when
the largest group has the largest variance (, > D).

Step-by-Step Tutorial With Practical
Example

Below, we provide a comprehensive, step-by-step guide
on the practical application of the IPS design with the
purpose of correctly determining the final sample size
of the study when treatment groups can be unblinded
at the interim analysis and an adjusted a level is used
to decide for significance. This tutorial is complemented
by an illustrative example, which demonstrates the
implementation of the IPS procedure employing the =,
estimator and the Welch ¢ test.

Step 1. The first step is optional and is mainly intended
to gain insights into reasonable sizes for the internal pilot.
Before the data collection starts, define an initial guess of
the variance ratio m; and the population variance of
Group 1 o} (for the Welch ¢ test) or the common variance
o’ (for the Student ¢ test). Plug this guess for n, and o}
into Equation 2 or the guess for ¢° into Equation 1 to
determine the initial sample-size estimate of Group 1 (Nl).
In case of unequal group sizes, the initial sample-size
estimate of Group 2 (N,) can be obtained by multiplying
initial N, by =,.

For example (for Welch), suppose a researcher is
interested in uncovering a difference in means of 0.8
units with 80% power while testing at the 5% significance
level and assumes that population variances are unequal
in both groups. The researcher needs to set Group 1 to
be twice as large as Group 2 (w, =0.5). The variance of
the outcome in Groups 1 and 2 are guessed to be 2 and
1.5, respectively, and hence the initial guess for m; is
1.5/ 2=0.75. With Equation 2, the initial sample size of
Group 1 is estimated to be 62. The estimated initial
sample size of Group 2 is then 62x0.5 = 31.

Step 2. Decide on a feasible/reasonable amount of obser-
vations to collect for each group during the internal-pilot
stage (optionally based on the initial sample-size calcula-
tion executed in Step 1). The internal-pilot size of both
groups can be equal or unequal. More important is to try
to collect a sufficient amount of first-stage data in both
groups. After the first-stage data are collected, the vari-
ances of Group 1 and Group 2 are estimated separately
and used to construct either the estimated variance ratio 7,
(for the Welch ¢ test) or the pooled variance estimate (for
the Student ¢ test).

For example (for Welch), based on the initial sample-
size calculation, the researcher plans to estimate the
variance in both groups after 15 observations per group
have been collected. Suppose the variance of the out-
come in this internal pilot turns out to be 1.5 (instead
of 2) for Group 1 and 2.5 (instead of 1.5) for Group 2.
The variance ratio &, can be updated: 2.5 / 1.5 =1.67.

Step 3. Before performing the sample-size reestimation,
obtain the adjusted a level necessary to correct for the
T1ER inflation applicable for the study by executing the
find adjalpha welch() function (for the Welch ¢
test) or the find adjalpha student () function (for
the Student 7 test).

For example (Welch), the find adjalpha welch ()
function is executed in R with an internal-pilot size for
both groups of each 15 observations, an estimated vari-
ance ratio f, of 1.67, a m, value of 0.5, and a nominal a
level of 5%. The maximum T1ER inflation the researcher
will have with this IPS design is 0.0577, which can be cor-
rected by considering 0.0433 as adjusted o level (Fig. 8).

Step 4. Plug the estimated variance of Group 1 and the
estimate @, obtained on the first-stage data with the
adjusted o level obtained with find adjalpha
welch () into Equation 2 (for the Welch ¢ test) or the esti-
mated pooled variance based on the internal-pilot data
with the adjusted a level obtained with find adjalpha
student () into Equation 1 to acquire the reestimated
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sample size of Group 1 (N D- The reestimated sample size
of Group 2 is obtained by multiplying N] with m,.

For example (Welch), with a variance estimate of 1.5
for Group 1, an estimated variance ratio of 1.67, and an
adjusted a level of .0433, the sample size of Group 1 is
reestimated with Equation 2 to be 84. Consequently, the
new estimated sample size of Group 2 is 42. In this
scenario, there is an upward adjustment of the initially
estimated sample size in both groups. However, it is also
possible that the reestimated sample size is smaller than
the amount of data already collected during the first
stage (in either one or both of the groups). In that case,
the final sample size of that group remains at the internal-
pilot size.

Step 5. Collect the second-stage data for both groups,
which is the remaining data on top of the internal-pilot
data until the final (reestimated) sample size is reached.
Afterward, the first- and second-stage data are pooled
together, for both Group 1 and Group 2. The means of
both groups are then compared with either the Welch ¢
test or the Student ¢ test.

For example (for Welch), for Group 1, an additional
69 observations need to be collected to reach the final
reestimated sample size. For Group 2, this amount is 27.
A total of 84 observations for Group 1 and 42 observa-
tions for Group 2 are then used in the final Welch ¢ test.
The p value obtained from this Welch ¢ test should be
compared with the adjusted significance level of 0.0433
to decide on significance.

Discussion

The IPS design that we proposed in this article is an
adaptive design that can be used to determine the sample
size of a study when the researcher is interested in
uncovering an unstandardized population effect (of inter-
est) but has no idea about the variance. In the IPS design,
the nuisance parameters of a study are estimated on the
first collected data and are then used to adapt (or rees-
timate) the final sample size of the study. In this article,
we provide a general and complete overview of the IPS
design for the independent-samples ¢ test. More specifi-
cally, the procedure for performing the IPS design is
explained for both studies assuming a common variance
between the two groups (Student ¢ test) and studies
assuming unequal variances (Welch ¢ test). For each of
these two procedures, two different ways of estimating
the interim variance are discussed: either blinded or
unblinded. Blinded variance-estimation procedures might
be especially useful when unblinding treatment groups
comes with a lot of challenges (e.g., invoking an inde-
pendent data monitoring committee for calculating the
unblinded interim variance). However, IPS procedures
with blinded variance estimation can be “safely” applied

only when there are two equally sized (internal pilot)
groups because blinded estimators can lead to very inac-
curate estimates of the required sample size when vari-
ances between the two groups are in reality unequal. In
addition, because blinded variance estimators potentially
lead to unnecessarily large sample sizes and unblinding
treatment groups is often not as complex in psychological
research compared with the stricter clincial-trials context,
the psychological researcher might estimate the interim
variance unblinded to obtain an unbiased estimate of the
true required sample size. Unfortunately, unblinding
comes with a small, sometimes nonnegligible inflation
of the T1ER. Next to quantifying this inflation for both
the Student ¢ test and the Welch ¢ test, in this article, we
offer R functions that provide an adjusted a level to cor-
rect for the maximum inflation.

Switching from the traditional fixed-sample design
with a priori sample-size calculation to this adaptive
design with midcourse sample-size calculation has sev-
eral benefits. First and foremost, the IPS design offers
the possibility to greatly improve the power of a study.
The significant uncertainty regarding the value of the
population variance(s) that is present at the start of the
study when performing an a priori sample-size calcula-
tion can be solved with this design. Although an IPS
design with a very small internal pilot of, for example,
five or 10 observations per group does not have a real
benefit on the power over an a priori sample-size cal-
culation with a small external-pilot sample (except that
data can be retained), the true advantage of the IPS
design is that precise variance estimates can be obtained
without wasting any data, leading to properly powered
studies. The IPS design should therefore be considered
over the traditional a priori power-analysis approach
when the study has the possibility to collect a large(r)
amount of internal-pilot data. For example, a study col-
lecting an internal pilot of 15 observations per group
will have, on average, a power around 77% and will
unlikely have a power lower than 50% (when the desired
power level is 80%), whereas the power with the a priori
power-analysis approach can easily drop to 29% when
the variance estimate considered in the sample-size cal-
culation is only 2 times smaller than the true variance.
When the interim sample-size calculation is performed
after a very small amount of internal-pilot data, also the
IPS design cannot solve the problem of a possible under-
powered study because small samples will always lead
to inaccurate variance estimates and therefore to unsat-
istactory power. An alternative adaptive design, in which
the variance parameter is continuously monitored during
the course of the study and the data collection is stopped
only when the estimate of the variance parameter fulfills
a stopping criterion (e.g., a bound on the standard error
of the mean difference), might be an even better alterna-
tive to ensure decent power for a study (Friede & Miller,
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2012; Mehta & Tsiatis, 2001). Another somewhat similar
alternative is the sequential probability ratio test, in
which the data are sequentially analyzed by continu-
ously calculating the likelihood ratio, indicating how
likely the observed data occur under a specific alterna-
tive hypothesis versus the null hypothesis until enough
evidence is found in one of both directions (Schnuerch
& Erdfelder, 2020). The disadvantage of both of these
approaches is that it is impossible to know beforehand
how large the final sample size of the study will be.
When this practical difficulty is not of concern, these
approaches are definitely worth considering.

A second benefit of the IPS design is that the
researcher should not be too worried about the T1ER
inflation of the final Welch ¢ test or Student # test. As
shown in the T1ER simulation studies, the inflation is
very small when the internal pilot for both groups is
large but can still be corrected for with the developed
R functions find adjalpha welch () and find
adjalpha student () when desired. Finally, the
process of determining the sample size of a study is
easier with this flexible design compared with the tra-
ditional a priori power analysis. Before the study starts,
researchers need to specify only the minimal difference
in means of interest, and they should not be concerned
about an accurate a priori guess of the unknown vari-
ance. Even though the burden of correctly specifying
the variance a priori disappears, defining an unstandard-
ized SESOI remains a difficult task, particularly in the
absence of prior research or established theories on the
topic. A first step forward could be to discuss with peers
which effect sizes can be considered meaningful. Even
though formulating a SESOI is not straightforward, it is
key to reflect on what effect sizes matter. Studies pow-
ered for an unstandardized SESOI control the Type II
error rate for effect sizes that matter (when assuming
the variance is correctly estimated), which is not the case
when the study is powered for an effect size estimated
on previous data or pilot data.

We recognize that in psychological research, it is less
common to separately define a specific mean differ-
ence of interest and variance estimate for sample-size
calculations because measurement scales can differ
between studies. However, we emphasize that this
approach offers clear insights into the study’s statistical
power. Consider a scenario in which a standardized
effect of 0.8 (Cohen’s d) is used to determine the required
sample size of the study. When the variance in the data
turns out to be very large, the power of the study may be
limited to detecting only substantial mean differences—
possibly exceeding the threshold of practical signifi-
cance. In such instances, the study’s utility may be
compromised. Hence, a precise and accurate estimation
of the variance is essential for conducting efficient and
well-powered research, which can be achieved with the

IPS design. Researchers who prefer to conceptualize
their studies in terms of standardized effects and still
aim to power their research for a specific standardized
effect size can still benefit from the IPS design. They can
use the first couple of collected data to estimate the
variance, deduct the raw mean difference needed to
achieve the desired standardized effect, and perform the
midcourse sample-size calculation based on these tai-
lored values. Without excluding the use of standard-
ized effect sizes, the method described in this article
offers a more direct way to account for the variable’s
distribution because it disentangles the raw effect and
the variance.

In this article, we explained and investigated the IPS
design only for the two-sample ¢ test, but this design can
also easily be implemented in studies relying on other
types of statistical analyses. The sample-size calculation
for the specific analysis just needs to be performed mid-
course (instead of a priori), where the nuisance param-
eters for the sample-size calculation are estimated on
the first-stage data. Whereas previous (and this) research
investigated only the T1ER inflation for the IPS design
in the case of the two-sample ¢ test, we conject that the
T1ER inflation for other types of statistical analyses will
remain in the same relatively small range.

Appendix A

Detailed methods of Type I error rate
simulation

In the Type I error rate (T1ER) simulation study, the
different steps of the internal-pilot-study (IPS) design as
described in Figure 2 are mimicked on data simulated
under the null hypothesis of no difference in means: (1)
Collect for each group an internal pilot of a certain size,
(2) use these internal-pilot data to estimate the variance
of both groups and construct either the pooled variance
(Student ¢ test) or t; (Welch ¢ test), (3) calculate the final
sample size per group by plugging in the estimated
pooled variance in Equation 1 or 7, in Equation 2, (4)
determine per group how much data need to be col-
lected on top of the internal pilot to reach the reesti-
mated final sample size and collect these data, and (5)
at the end of data collection, perform the correct two-
sample ¢ test on the simulated data (Student or Welch).
This process was repeated 100,000 times, and the empiri-
cal T1ER was calculated by counting how often the null
hypothesis was incorrectly rejected (p value < ).

To investigate the T1ER within the different scenarios,
the simulation study was executed for different combina-
tions of m;, and =, (Fig. 9). In the equally sized groups
scenario (n, = 1), the data of both groups were simulated
with a variance ratio of 1 (equal variances), 2, or 4
(unequal variances). In the unequally sized groups
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Fig. 9. The different n; and m, combinations investigated in the simulation.

scenario (m, # 1), the same variance ratios were used.
However, in the case of unequal variances, a distinction
was made between the largest group having the largest
variance (g, = 2,3) and the smallest group having the
largest variance (m, =.50,.33). Within each combination
of m, and m,, multiple sizes of the internal pilot were
considered. The total internal-pilot size (for both groups
together) consisted of either 10, 20, 30, 40, 60, or 100
observations. In the first simulation study, the internal
pilot size of both groups was always equal, regardless
of the value of m, (resulting in an internal pilot of either
5, 10, 15, 20, 30, or 50 observations per group). In the
second simulation study, the same =, ratio present in the
final sample size was used to divide the total internal-
pilot size across both groups. For each configuration of
m,, T, and total internal pilot size, A was varied from 1
to 10. A represents the ratio of the true required sample
size (to detect the SESOI used in the midcourse sample-
size calculation in Step 3) relative to the size of the
internal pilot. The value of the SESOI was chosen in
such a way that, in combination with the variance with
which the data of both groups were simulated, the
resulting true required sample size was larger than the
collected internal pilot by these different values of A.
Finally, the a level and the desired power were fixed at
5% and 80%, respectively.

Appendix B

Iterative algorithm of Kieser and
Friede (2000)

Because the maximized T1ER (a/ ") is a monotone func-
tion of a (for fixed values of the power and internal pilot
size), the adjusted a level (o, ;) can be found by solving

the following equation:

A (o) = o 3

To solve Equation 3, an iterative algorithm can be
used in which the maximized actual T1ER is identified
for each newly obtained adjusted a level. The final
adjusted a level is that value for which the correspond-
ing maximized actual TIER does not exceed the origi-
nally planned nominal level. To clarify the different steps
of the algorithm, it is applied to a concrete example in
the user manual of the R functions (see the Supplemental
Material available online). In general, the iterative algo-
rithm can be summarized as follows:

1. Determine the initial value for o, by first calcu-
lating o* for the nominal a level and then filling
) @
dj =ax max :
Oyer (O
2. In the next k& steps of the algorithm (&>1), the
new adjusted a level is obtained by following

max
act

in following formula: a

al

B _ (k=D % max
formula: o,y = o x—max( o> Where the o
act aadj
is every time identified for the previous adjusted

o level.

3. The algorithm stops when the difference between
the maximized actual T1ER of the latest adjusted
a level (o (o)) and the nominal level a is less
than a prespecified error term €. The final adjusted

o level is then defined by ().

Appendix C
Validation find adjalpha () functions

To assess the performance of the find adjalpha
welch () function (for the IPS procedure with the
Welch ¢ test) and the find adjalpha student ()
function (for the IPS procedure with the Student £ test),
the maximum T1ER found in the simulation study is
compared with the maximum T1ER obtained from the
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Fig. 10. The maximized Type I error rate (T1ER) inflation obtained in the T1ER simulation study (purple) and with the R function
find adjalpha () (yellow) (a) for the Student # test and (b) for the Welch ¢ test.

function. For this purpose, the find adjalpha ()
functions were used to compute the maximized inflation
levels for the same configurations of m,, m, and internal
pilot size as used in the T1ER simulation. The function
was executed with a precision of 1,000,000 simulations
and for a nominal a level of .05. Figure 10 displays the
maximized inflation values obtained from both the simu-
lation study and the R function for the different parameter
configurations, for both the Student ¢ test (Fig. 10a) and
the Welch ¢ test (Fig. 10b). For a very small internal-pilot
size (i.e., five observations per group), the function
slightly underestimates the maximum T1ER. However, for
all other pilot sizes (and for all combinations of w; and
n,), the functions successfully estimate the true maxi-
mized inflation (as obtained from the simulation study).

Appendix D
Detailed methods of power simulation

The same steps as in the T1ER simulation to mimick the
IPS design with unblinded variance estimation were fol-
lowed to demonstrate the power of the Welch ¢ test and

the Student ¢ test. The only difference with the procedure
of the T1ER simulation study is that (a) the data were
generated under the alternative hypothesis instead of
the null hypothesis and (b) the adjusted a is used at the
interim analysis to perform the sample-size reestimation.
The power was explored for a combination of the same
parameter configurations of n, m, (see Fig. 9), and internal-
pilot sizes (i.e., five, 10, 15, 20, 30, and 50 per group)
as in the T1ER simulation. Instead of investigating the
power within each of these parameter configurations for
different values of A (as was done in the T1ER simula-
tion), the effect size with which the data were simulated
and the SESOI used in the sample-size recalculation
were for all parameter configurations fixed at a value of
0.5. The populations variance of Group 1 was set to the
value of 1 and was multiplied by m; to obtain the popu-
lation variance of Group 2. The SESOI used for sample-
size recalculation was set to the same value as the true
effect size with which the data were simulated to inves-
tigate how well the actual power approximates the pre-
defined power level. Power will be even higher when
the true effect is larger than the SESOI and will be
smaller for the opposite situation.
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The average empirical power was retrieved by calcu-
lating how often the null hypothesis was correctly
rejected by comparing the obtained p value with
the adjusted a level for that parameter configuration
(p value < a4). The range of the power over simulations
was defined by calculating a 10% lower power bound
and 90% upper power bound. These bounds were
obtained by determining the 10% lower and 90% upper
quantile of the sampling distribution of the sample vari-
ance and using these variance estimates during the
sample-size recalculation of the simulation. The nominal
significance level was set to 5%, the intended power to
80%, and the number of simulations to 100,000.
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Notes

1. Tutorials on sample-size calculation for other types of statisti-
cal analyses also exist (e.g., for analysis of variance, see Lakens
& Caldwell, 2021; for multilevel regression models in longitudi-
nal studies, see Lafit et al., 2021; for the independent two-group
studies, see Kovacs et al., 2022; or for less common statistical
tests and techniques with simulation, see Arnold et al., 2011).

2. The Student ¢ test uses following test statistic:

t=(x— fcz)/\/s/zm/ed x(1/n, +1/ ny), where X, and X, represent

the sample means of the two groups and the pooled variance is
the estimator of the true common variance.

3. Note that by using the standard normal instead of the ¢ distri-
bution, Equations 1 and 2 give an asymptotic approximation of
the required sample size.
4. The Welch ¢ test statistic:

calculates  following test

t = (X, —X,) /\[st/n +s; /n,, with X, and X, the two sample
means and s and s; the separate estimates of the two unequal
population variances.

5. There are also designs that allow to unblind the effect at the
interim analysis and use it to perform an interim hypothesis
test to stop the study early for efficacy or futility (Wassmer &
Brannath, 2016), but this falls out of the scope of this article.

6. The simulation study verified only the T1ER for scenarios in
which the final sample size in one group is no more than 3 times
larger than in the other group and the population variance in
one group is no more than 4 times larger than in the other group.
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