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Meaningful approaches to assessing the size of effects in memory research: Applications 

and recommendations for study design, interpretation, and analysis  

In an earlier editorial in this journal (Howe & Otgaar, 2020), we highlighted the 

importance of publishing results that, although not statistically significant by traditional null-

hypothesis significance testing (NHST) techniques, were practically or theoretically 

important. There are a number of well-known problems with the use of traditional NHST 

procedures (e.g., see Amrhein et al., 2019), and in this editorial we touch on some of these 

issues with respect to memory research. More importantly, we extend our discussion of 

alternatives to NHST techniques when determining whether findings are practically or 

theoretically important, namely, through an examination of effect sizes. 

 Effect sizes, which quantify the magnitude of a phenomenon (Cohen, 1988), are 

important in psychology and thus also memory research. Unlike statistical significance (p < 

.05), which can lead to arbitrary dichotomous decisions, effect sizes provide a more 

informative measure of practical and theoretical relevance (e.g., Funder & Ozer, 2019). 

Specifically, the traditional NHST framework has been criticized because of its focus on 

finding non-zero differences but not addressing whether the difference is meaningful on a 

practical or theoretical level (e.g., Amrhein et al., 2019; Cumming, 2014). This issue is 

particularly relevant in research areas that can influence policy decisions and can have real-

world implications such as the field of eyewitness memory (e.g., Wells et al., 2020). 

Additionally, a fundamental issue with the NHST framework is that the null hypothesis (i.e., 

effect size is exactly 0) is practically always false (Cohen, 1990), and a p > .05 (i.e., statistical 

nonsignificance) does not mean absence of an effect, despite this common misinterpretation 

(Murphy et al., 2025).  

To illustrate these issues of the NHST framework, imagine a group of researchers 

examining whether a new drug will improve memory. To do so, participants are either given 
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the new drug (experimental group) or a placebo (control group) and then study a list of words. 

After a certain delay, memory performance of both groups is assessed. Following the NHST 

framework, when researchers conduct their statistical analyses, two conclusions can emerge: 

1) p < .05 suggesting that the observed difference of this magnitude or greater between the 

two sample means is unlikely if there truly was no difference in the population, or 2) p > .05 

indicating that there is insufficient empirical evidence to conclude that the observed 

difference between the two sample means would be unlikely under the null hypothesis 

(Lakens, 2021). Effect sizes can be useful to examine whether effects are truly meaningful 

and not simply different from zero. Moreover, effect sizes are useful to find support for the 

null-hypothesis (i.e., effect is too small to matter). In this editorial, we highlight the 

importance of interpreting effect sizes meaningfully in memory research, preferably before a 

study is conducted. Moreover, we show how effect sizes can be used in power and data 

analyses for studies in the field of memory. 

Effect sizes 

 There are different ways to quantify the magnitude of a phenomenon (i.e., effect size). 

For instance, in the hypothetical experiment examining the effects of a new drug on memory, 

the effect size could be expressed in the raw mean difference in words retrieved. Specifically, 

let’s say that participants in the experimental group remembered, on average, 10 words while 

participants in the control group remembered, on average, 9 words. In this case, the effect size 

would be the remembrance of 1 word. Put differently, participants in the experimental group 

remembered, on average, 1 more word than participants in the control group. This would be 

an example of an unstandardized effect size (i.e., simple or raw effect size) in simple between 

or within subject designs which is expressed in the units of the original measurement (i.e., 

words remembered).  
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However, sometimes the outcome variable in memory research is binary (e.g., false 

memory formed or not) or count (e.g., number of retrieval attempts). In these cases, nonlinear 

models such as logistic (for binary outcomes) and Poisson regression (for count outcomes) are 

more appropriate. For logistic and Poisson regression, the average marginal effect (AME) 

serves as an interpretable unstandardized effect size. Specifically, AMEs provide the average 

change in the outcome (binary, count) for a one-unit change in the predictor (e.g., control to 

the experimental group; Norton et al., 2019). For logistic regression, the AME represents the 

average change in probability to observe a success between the control and experimental 

group while in Poisson regression, the AME represents the average change in the expected 

counts between the experimental and control group. Taken together, an unstandardized effect 

size is simply the effect size expressed in the original units of measurement used in the study. 

Alternatively, effect sizes can be expressed in standardized units (i.e., standardized 

effect size), typically in terms of standard deviations. For example, assuming that the standard 

deviations in the hypothetical experiment for both the experimental and control group are two, 

a possible standardized effect size could be Cohen’s d 	

= 	
𝑀! −𝑀"

𝑆𝐷#$$%&'
	= 	

10 − 9
2 = 	 .5 

wherein M1 is the mean of the experimental group, M2 is the mean of the control group, and 

the SDpooled is calculated as follows:  

= -𝑆𝐷!
" +	𝑆𝐷""

2 = 	-
2" +	2"

2 = 2 

Cohen’s d is an example of a standardized effect size for comparing mean differences. Many 

different types of standardized effect sizes exist for various types of analyses (e.g., [in-

]dependent sample t-test, ANOVA, regression, etc.; see Jané et al., 2024 for a complete 

overview of standardized effect sizes). Common effect sizes for comparing mean differences 

include Cohen’s d, Cohen’s dz (for within-subject [paired] designs), and Hedges’ g. When 
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measuring associations between variables, Pearson’s r, Spearman’s ρ, and Kendall’s τ are 

some examples of standardized effect sizes. Finally, for ANOVA or regression analyses, 

standardized effect sizes such as R², ω², η², and ηₚ² are frequently used to quantify variance 

explained.  

Interestingly, memory researchers frequently rely on standardized effect sizes when 

planning studies and analyzing data (Morris & Fritz, 2013; Riesthuis, 2025; Riesthuis & 

Otgaar, 2024a; 2024b). However, their unit-free nature (e.g., standard deviations) makes them 

difficult to interpret (Brooks et al., 2014). This challenge is reflected in the memory literature, 

where standardized effect sizes are frequently reported but rarely interpreted in terms of 

practical (or even theoretical) meaning (Riesthuis, 2025; Riesthuis & Otgaar, 2024a; 2024b). 

When researchers did interpret their effect sizes, they mostly relied on Cohen’s benchmarks 

for small, medium, and large effects (Cohen, 1988; p. 24). However, the use of Cohen’s 

benchmarks has been criticized (Correl et al., 2020; Funder & Ozer, 2019; Pek & Flora, 

2018). Even Cohen himself argued that researchers should not use these benchmarks because 

they lack contextualization (Cohen, 1988; p.25, pp 532-535). In other words, whether an 

effect size is small or large depends on the context of research, the methods used (e.g., 

variables, stimuli, manipulation), the population of interest, and any potential associated costs 

and benefits of the outcome (Funder & Ozer, 2019; Riesthuis & Cribbie, 2025).  

 Effect sizes in the memory literature have sometimes been interpreted based on prior 

research or field-specific effect size benchmarks (i.e., benchmarks based on the distribution of 

published literature; Panzarella et al., 2021) to consider the context of the study (Morris & 

Fritz, 2013; Riesthuis, 2025; Riesthuis & Otgaar, 2024a; 2024b). However, the fact that a 

previous study detected a certain effect size does not necessarily imply that it is practically or 

theoretically meaningful. Similarly, establishing benchmarks based on published effect sizes 

does not guarantee that an effect is genuinely meaningful (Panzarella et al., 2021). 
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Furthermore, publication bias (i.e., the tendency to publish statistically significant findings 

over non-significant ones; Fanelli, 2012) can lead to either over- or underestimation of effect 

size benchmarks. For instance, if there is a bias toward publishing significant findings, with 

larger effect sizes reported due to small sample sizes, the effect size is overestimated. Hence, 

researchers ought to contextualize their effect sizes to understand its practical or theoretical 

relevance.  

To better assess whether an effect size is practically or theoretically meaningful (see 

section “Smallest effect size of interest” below on approaches on how to determine which 

effects are meaningful), it is recommended to focus on unstandardized effect sizes (e.g., 

Baguley, 2009; Funder & Ozer, 2019; Riesthuis, 2024). Because unstandardized effect sizes 

are expressed in the original measurement units, they provide a clear sense of the effect’s 

magnitude and significance. For instance, stating that the experimental group remembered, on 

average, one more word than the control group is more intuitive than saying that they 

remembered 0.5 standard deviations more. To maximize the interpretability of effect sizes, 

researchers should ideally also report descriptive statistics (e.g., means, standard deviations). 

This context helps clarify what an effect actually means. For example, a raw mean difference 

of 1 on a 1–6 stress scale (1 = not stressed and 6 = very stressed) may be more meaningful 

when the difference in group means goes from 3 to 4 than from 1 to 2, as the former reflects a 

change in moderate stress, whereas the latter may still represent low stress overall.  

Additionally, unstandardized effect sizes are easier to calculate and more robust, as 

they do not depend on variance (Baguley, 2009). For example, two experiments might yield 

the same unstandardized effect size (e.g., raw mean differences of 1), but the standardized 

effect sizes could differ significantly due to differences in variance. This illustrates that 

standardized effect sizes might be over or underestimated depending on the variance (e.g., 

poor measurement increases variance) which may not reflect the true magnitude or practical 
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significance of the effect. In some circumstances, such as when comparing conceptually 

similar effects (e.g., comparing the misinformation effect and spontaneous false memories) or 

when the metric of the measurement has no meaning (e.g., Likert scale), it can be beneficial to 

also examine the standardized effect size (but see Greenland et al., 1991; 1986). Hence, we 

recommend that researchers report both the unstandardized and standardized effect sizes to 

help them interpret whether an effect is meaningful or not. 

Additionally, researchers can use common language effect sizes (CLES; Mastrich & 

Hernandez, 2021) to help interpret effect sizes. CLES are intuitive effect sizes that transform 

the standardized effect size into a comprehensible probability or number. Specifically, 

research has demonstrated that the use of CLES and graphical representations facilitated 

researchers and laypeople to meaningfully interpret effect sizes compared to standardized 

effect sizes (Brooks et al., 2014; Krasikova et al., 2018). An example of a CLES for the 

hypothetical experiment above is the probability of superiority (equivalent to the area under 

the curve1). The probability of superiority refers to the probability that a randomly chosen 

participant from the experimental group has a higher value (e.g., more words remembered) 

than a randomly chosen participant from the control group. For instance, for the hypothetical 

experiment of the new drug on memory, the probability of superiority can be calculated as 

follows:  

= ϕ0($)&*
!+	'

√"
1 = = ϕ0 ./

√"
1 = .64  

in which ϕ is the cumulative distribution function. In this case, the probability that a randomly 

chosen participant in the experimental group remembered more words compared to a 

randomly chosen participant in the control group is .64.  

 
1 The area under the curve can also be interpreted as the average sensitivity across all possible values of 1 − 
specificity. Another interpretation is the proportion correct in a two-alternative forced choice (2AFC) task 
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For correlational analyses, the Dunlap CLES (Dunlap, 1994) can be calculated which 

indicates the probability that in a pair of randomly selected people, the participant with the 

higher score on one variable will also have a higher score on the other variable. The Dunlap 

CLES is calculated as follows: 

Dunlap CLES =	 012345	(7)
9	

 + .5 

in which arcsin refers to the arcsine transformation and r is the correlation coefficient. If in a 

study a correlation coefficient of .6 is observed then this would translate to a Dunlap CLES of 

.78. In other words, there is a 78% chance that in a pair of randomly selected people, the 

participant with the higher score on one variable will also have a higher score on the other 

variable.  

Another type of CLES is the Number Needed to Treat (NNT) which is especially 

relevant when researchers use logistic regressions. In logistic regression, the effect size odds 

ratio is commonly used to compare the odds of an event occurring in the experimental group 

versus the control group (Szumilas, 2010). However, odds ratios are frequently 

misinterpreted, which is why researchers are encouraged to use the NNT instead (e.g., Norton 

et al., 2018; another option could be to use probit regression; e.g., DeCarlo, 1998). The NNT 

indicates how many participants need to be treated (e.g., giving participants a memory-

enhancing drug) before one additional success outcome (e.g., a beneficial memory effect) is 

observed compared to the control group. The NNT for a simple two group experimental study 

is calculated as follows: 

NNT =	 !
:";	:#

 

in which P1 is the probability of observing a success in the experimental group and P2 is the 

probability of observing a success in the control group (P1 – P2 = absolute risk reduction). If 

the probability of observing a memory enhancing effect in the experimental group is .7 and 

the probability of observing a memory enhancing effect in the control group is .5, then the 
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NNT is 5. A NNT of 5 means that 5 participants in the experimental group need to receive the 

drug to observe one additional memory enhancing effect compared to the control group (for 

an overview of all the possible CLES; see Mastrich & Hernandez, 2021). 

 Finally, the magnitude of an effect can be expressed through the persons as effect size 

approach (Grice et al., 2020). That is, instead of focusing on group differences, persons as 

effect sizes refers to how many participants behave in accordance with the anticipated effect. 

For instance, Ying and colleagues (2023) applied this approach to assess how many 

laypersons perceived suspect identifications from biased lineups as more accurate than those 

from unbiased lineups. Specifically, they found that, in Experiment 1, 74% of participants 

rated identifications from biased lineups as more accurate. Hence, the person as effect size 

approach indicates how many participants actually show the proposed effect (for a complete 

overview see Grice et al., 2020). Taken together, (un-)standardized effect sizes, CLES, and 

persons as effect sizes are different ways to interpret the magnitude of an effect. 

To improve effect size interpretation, we recommend researchers to take a multiverse 

approach and use different types of effect sizes to interpret when an effect size is deemed 

practically or theoretically meaningful. To facilitate the interpretation of effect sizes, we 

created a Shiny app (https://paulriesthuis.shinyapps.io/interpreteffect/) which can also be 

accessed locally via the R package “interpreteffect” 

(https://github.com/PaulRiesthuis/interpreteffect). In the Shiny app, we provide an application 

wherein researchers can indicate the parameters of their study (e.g., means, standard 

deviations, sample sizes, etc.) in frequently used experimental designs (i.e., [in-]dependent 

sample t-tests, correlation, logistic regression, Poisson regression; see Figure 1). Based on the 

provided parameters, the (un-)standardized effect sizes and CLES are calculated along with 

graphs indicating how the distribution (e.g., density plot, dotplot, scatterplot, histogram) may 

look. For within-subject designs, we also provide the persons as effect size for which 
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researchers can indicate which range of values are deemed equivalent across timepoints 

(default is set to 0). The application can be used to determine which effect sizes researchers 

deem practically or theoretically meaningful.  

 

Figure 1. A screenshot of the Shiny app. 

 Smallest effect size of interest 

 As highlighted above, interpreting effect sizes meaningfully is important to understand 

the practical and theoretical relevance of the findings. In other words, interpreting observed 

effect sizes is crucial for understanding the meaning of a study and whether it was a 

successful or not (Camilleri et al., 2021). However, ideally, researchers determine a priori 

what the smallest effect size is that yields practical or theoretical significance, also known as 

the smallest effect size of interest (SESOI; Lakens et al., 2018), minimally meaningful effect 

size (MMES; Beribisky et al., 2019), or minimally clinically important difference (MCID; 

McGlothlin & Lewis, 2014)2. Estimating a SESOI a priori prevents researchers from making 

post hoc justifications about why their observed effect size is (or is not) practically or 

theoretically relevant (Riesthuis, 2024). Just as when interpreting effect sizes, setting the 

SESOI should take the context of the study into consideration. We will briefly highlight 

 
2 We used the term SESOI throughout the manuscript. 
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several approaches to determine the SESOI (for a complete overview see Anvari & Lakens, 

2021).   

 One method to estimate the SESOI is through the just-noticeable difference approach 

(Lakens et al., 2018). In the just-noticeable difference approach, the SESOI is estimated based 

on what the smallest effect size is that can be detected by an observer (e.g., participant). One 

example is the study by Burriss and colleagues (2015) who examined whether men are more 

attracted to women during the fertile phase of their ovulatory cycle due to an increase in 

redness of their facial skin. Interestingly, women’s facial skin turned slightly more red, but 

men did not perceive this change and thus the effect was too small to be of practical 

significance. A memory-related example could be investigating whether subtle differences in 

background noise affects recall. Suppose researchers test whether reducing background noise 

from 40 dB to 38 dB improves memory performance. If participants do not perceive this small 

reduction in noise, any observed improvement in memory may be too small to be practically 

meaningful. 

Another method to estimate the SESOI is the anchor-based method (Anvari & Lakens, 

2021), which relies on participants' self-reports to assess what constitutes a meaningful 

change. In this method, a subjective assessment—such as a feeling of physical improvement 

or decline—serves as an anchor to establish a meaningful difference on a related 

measurement. For instance, Lemay and colleagues (2019) estimated the SESOI for the 

Hospital Anxiety and Depression Scale in a cardiovascular rehabilitation study by asking 

participants to assess their overall health compared to a year ago. Then, they calculated the 

mean difference on the Hospital Anxiety and Depression Scale for participants who reported 

feeling “somewhat better” and participants who reported feeling “about the same” which was 

used as the SESOI. A similar approach can be applied to memory research. For example, if 

researchers want to examine whether a new memory training program improves word recall, 
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they can estimate the SESOI by calculating the mean difference in the number of words 

remembered between participants who reported that their memory was “about the same” and 

those who reported that it had “improved” in response to the question, “Compared to before 

the training, how would you rate your memory?”.  

 Alternatively, researchers can also conduct consensus-based studies to estimate the 

SESOI (Mouelhi et al., 2020; van der Heijde et al., 2001; Wells et al., 2001). In consensus 

method studies, stakeholders (e.g., researchers, patients, legal professionals) with relevant 

expertise for the study are asked for their opinions on what the SESOI should be. Hence, this 

approach relies on collecting input from a group of experts or relevant parties to estimate what 

effect size would be considered practically or theoretically meaningful within the context of 

the study. For instance, Riesthuis and colleagues (2022) provided memory scientists with 

several hypothetical experimental designs for false memory studies and asked them what they 

would consider the SESOI to be. There are several different types of consensus studies such 

as the Delphi method or the nominal group technique to create a consensus (e.g., face-to-face 

discussions, anonymous response, chance to revise answers, etc.; for an overview see Black et 

al., 1999). While conducting large-scale consensus studies may not be feasible for 

researchers, smaller-scale consensus studies within research groups or departments might be 

possible which can provide a reasonable estimate of the SESOI. 

 Finally, one approach that researchers can implement is the cost-benefit analysis 

(Lakens et al., 2018; Riesthuis, 2024). In a cost-benefit analysis, researchers can highlight 

what the associated costs (e.g., expensive training, time extensive) and benefits (e.g., 

improved memory; easier to implement) are of their study outcome. One example of a cost-

benefit analysis for the SESOI in eyewitness memory research was provided by Otgaar and 

colleagues (2023). They estimated that a possible SESOI could already be a mean difference 

of 1 detail remembered because the misremembering or forgetting of 1 detail can be and has 
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been problematic in (previous) legal cases. Another example could be if researchers want to 

examine whether a simple instruction (e.g., only report what you remember) improves 

memory accuracy. In this scenario, any increase in memory accuracy might be deemed 

practically relevant because there are no costs and only benefits. However, if instead of a 

simple instruction, a costly and time extensive training is used, then a larger SESOI might be 

warranted. In the cost-benefit analysis, it becomes clear that estimates of the SESOI depend 

largely on the context of the study which should be taken into account in whichever approach 

is taken. We encourage researchers to conduct these cost-benefit analyses when estimating the 

SESOI, also when they used any of the previously mentioned methods (e.g., just-noticeable 

difference, anchor-based, consensus). That is because a cost-benefit analysis can provide the 

required contextualization to transparently estimate a reasonable SESOI. Finally, determining 

an estimate of a SESOI does not have to be perfect, as long as researchers provide appropriate 

justifications (Riesthuis, 2024; Riesthuis & Cribbie, 2025). Indeed, one could argue that the 

SESOI will always be an approximation, and what is considered an appropriate SESOI in one 

study or context may differ from that in another. When researchers determine a priori what 

their SESOI is and provide justifications, scientific discussions can be held to finetune this 

estimate. Furthermore, establishing the SESOI a priori will allow researchers to conduct more 

informative statistical analyses and more accurately plan their studies, something we discuss 

next. 

SESOI and statistical analyses 

 When a SESOI is estimated and justified, (memory) researchers can analyze data 

beyond the traditional NHST framework and conduct more informative statistical tests. 

Specifically, as alluded to before, in the NHST framework it is not possible to find evidence 

for the null hypothesis and the focus is on finding non-zero differences. Using the SESOI, it is 

possible to conduct equivalence tests where it can be determined whether an effect is too 
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small to care about (Cribbie et al, 2004; Westlake, 1972) or minimum-effect tests where it can 

be determined whether an effect is not just statistically significant but whether it is also of 

practical or theoretical relevance (Murphy & Myors, 1999; Riesthuis & Cribbie, 2025). 

Moreover, the SESOI can be used to determine whether a replication attempt was successful 

or not (Riesthuis et al., 2024). However, as will become clear, the insights gained from these 

analyses depend on the SESOI and whether it is properly estimated and justified. We will 

highlight each statistical analysis and show the role of the SESOI. 

Equivalence testing. In some studies, researchers might want to examine whether an 

effect is too small to matter (Cribbie et al., 2004). For instance, imagine researchers that want 

to examine whether a new investigative interviewing technique which is easier to implement 

than the standard investigative interviewing technique, performs equivalently well in terms of 

memory performance. Or when researchers want to examine whether the high-confidence 

suspect-identification accuracy is not affected by variations in memory strength (e.g., Smith et 

al., 2021). Despite the many equivalent types of hypotheses, many researchers mistakenly 

interpret a p > .05 as evidence of no effect (Murphy et al., 2024). However, under the 

traditional NHST framework, it is not possible to prove this null hypothesis (Cohen, 1990). 

To determine whether an effect size is too small to matter, researchers need to conduct 

equivalence tests. 

There are several equivalence tests such as the two-one sided test procedure 

(Schuirmann, 1997) or the Anderson and Hauck (1983) procedure, both of which are readily 

available in the negligible (Cribbie et al., 2024) or TOSTER (Caldwell, 2022) packages in R 

(R Core Team, 2023), or in JASP (2024). A straightforward way to understand equivalence 

testing is through the confidence interval approach (CI; Riesthuis, 2024; Riesthuis et al., 

2025; Smiley et al., 2023). That is, CIs can be used to conduct NHST and equivalence tests. 

Specifically, in the traditional NHST framework, when the 95% CI of the effect size does not 
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include 0, it can be considered statistically significant (p < .05; given an α = .05). For 

equivalence tests, the 90% CI is used because it corresponds to two one-sided tests at α = .05 

(Alter & Counsell 2023; Seaman & Serlin, 1998) and determines whether the entire 90% CI 

falls completely within the equivalence bounds set by the SESOI. For example, imagine that 

the researchers examining whether a new interviewing technique performs equivalently well 

compared to the standard interviewing technique, set their SESOI to 1 mean difference in 

terms of details remembered. In this case, the lower equivalence bound is -1 (SESOI in the 

negative direction) and the upper equivalence bound is set to 1 (SESOI in positive direction; 

see Figure 2). When conducting equivalence tests, there are four possible scenarios: 1) the 

95% CI does include 0 (statistically nonsignificant) and the 90% CI falls completely within 

the equivalence bounds (statistically equivalent), 2) the 95% does not include 0 (statistically 

significant) and the 90%CI falls completely within the equivalence bounds (statistically 

equivalent), 3) the 95% CI does not include 0 (statistically significant) but the 90%CI includes 

the SESOI in either direction (statistically nonequivalent), and 4) the 95% CI does include 0 

(statistically nonsignificant) and the 90% CI includes the SESOI in either direction 

(statistically nonequivalent; see Figure 2).  
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Figure 2. Possible outcome scenarios in equivalence testing. 

 In Scenario 1, there is clear evidence that the effect is equivalent because the effect is 

statistically nonsignificant and statistically equivalent. In Scenario 2, the effect would be 

deemed too small to care about (i.e., equivalent) even though it is statistically significant. In 

Scenario 3, the effect (in either direction) is statistically significant and statistically 

nonequivalent. This does not mean that the effect is also practically relevant (see the next 

section on minimum-effect testing). Last, in Scenario 4, the results are simply inconclusive. 

Specifically, the effect is not statistically significant but also not equivalent and more data is 

necessary to make any conclusions. Hence, the CI approach is an easy method to determine 

whether an effect is statistically significant and equivalent.  

 Minimum-effect testing. In minimum-effect testing, the idea is to not just examine 

whether an effect is significantly different from 0 but whether it is practically or theoretically 

meaningful (Murphy & Myors, 1999; Riesthuis & Cribbie, 2025). In other words, a 

minimum-effect test is an extension of the NHST wherein the nil is replaced by the SESOI. 

Although minimum-effect tests are available in the TOSTER package (Caldwell, 2022; 
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Lakens, 2017), the idea behind minimum-effect testing is easily explained using the CI 

approach. Specifically, in minimum-effect testing it is examined whether the 95% CI is 

greater in magnitude (in either direction) than the SESOI. To illustrate the idea behind 

minimum-effect tests, imagine that researchers want to examine whether a new, but 

expensive, drug can improve memory. Because the drug is expensive, the researchers want to 

make certain that the effect it has on memory is not just statistically significant but also 

practically meaningful. Again, they use a SESOI of 1 detail remembered and conduct 

minimum-effect tests. For minimum-effect tests, there are three possible scenarios: 1) the 

95%CI does not include 0 (statistically significant) but is smaller in magnitude than the 

SESOI, 2) the 95%CI does not include 0 (statistically significant) but also includes the SESOI 

in either direction (inconclusive), or 3) the 95%CI does not include 0 (statistically significant) 

and is also greater in magnitude than the SESOI (practically significant; see Figure 3).  

 

Figure 3. Possible outcome scenarios in minimum-effect testing. 

 In Scenario 1, this means that the effect is statistically significant but not practically or 

theoretically relevant (i.e., equivalent). In Scenario 2, the result is inconclusive because even 
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though the effect is statistically significant (95% CI does not include 0), the 95% CI does 

include the SESOI which means that it is uncertain whether the effect is practically or 

theoretically relevant. In Scenario 3, there is clear evidence that the effect is not only 

statistically relevant but also practically or theoretically meaningful.  

 If the SESOI is not properly estimated and justified, the information gained from the 

equivalence and minimum-effect tests are questionable. However, current practices in 

equivalence and minimum-effect testing have shown that although many researchers followed 

best practices in using unstandardized effect sizes to indicate their SESOI (Baguley, 2009; 

Riesthuis, 2024), justifications were often lacking or suboptimal (Marshall et al., 2024; 

Riesthuis & Cribbie, 2025). Hence, we urge researchers to start thinking about contextualized 

SESOIs, estimate them via the earlier proposed methods, and conduct cost-benefit analyses 

for their studies to maximize information gained by equivalence and minimum-effect testing.  

Power analyses 

 To further increase the information gained from equivalence and minimum-effect 

testing, power analyses should accurately reflect the hypothesis of interest and be conducted 

using the SESOI. However, previous research has demonstrated that power analyses in 

memory research are currently conducted sub optimally (Riesthuis & Otgaar, 2024a; 2024b; 

Riesthuis, 2025). Specifically, most power analyses do not use meaningful or justified effect 

sizes and most power analyses are not reproducible. Moreover, researchers typically only 

conduct one power analysis even when they have multiple hypotheses. Ideally, researchers set 

a SESOI for each hypothesis of interest and conduct power analyses specifically for these 

different hypotheses to accurately determine the necessary sample size for each hypothesis. 

Further, it is recommended that researchers also conduct sensitivity analyses to examine how 

statistical power is affected when key parameters (e.g., standard deviation, correlation 

between measures, etc.) are different. Additionally, if researchers have hypotheses in line with 
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equivalence or minimum-effect testing, this should be reflected in the power analysis. This is 

especially relevant because larger sample sizes are required to conduct equivalence or 

minimum-effect tests compared with NHST. We refer the reader to several tutorial papers on 

how to conduct these power analyses for a wide range of study designs (i.e., [in-]dependent 

sample t-tests, correlations, multilevel models, Receiver Operating Characteristic curves; 

Caldwell, 2022; Lakens, 2017; Riesthuis, 2024; Riesthuis et al., 2025). 

Conclusion & Recommendations 

In this editorial, we introduced effect sizes and highlighted the importance of properly 

interpreting them in the field of memory. Specifically, we encourage memory researchers to 

start thinking about what the smallest effect size is that yields practical or theoretical 

relevance for their studies. To do so, we have provided several methods on how such a SESOI 

can be estimated. To help interpret effect sizes and estimating a SESOI, we created a Shiny 

app (https://paulriesthuis.shinyapps.io/interpreteffect/) and R package “interpreteffect” 

(https://github.com/PaulRiesthuis/interpreteffect) which provides the (un-)standardized effect 

sizes, CLES, and persons as effect sizes for commonly used experimental designs. We also 

showed how the SESOI can be used to overcome limitations of the traditional NHST 

framework through equivalence and minimum-effect testing and provided information on 

how to improve power analyses. Finally, we offer general recommendations for researchers to 

consider when using effect sizes in their studies. Although our perspective is that these 

recommendations can make memory research more informative, deviations from them may be 

entirely appropriate. First, researchers should report their unstandardized and standardized 

effect sizes along with descriptive statistics. Second, effect sizes should be interpreted 

meaningfully by contextualizing them. That is, we argue that instead of relying on Cohen’s or 

field-specific effect size distributions to infer practical or theoretical meaning, we recommend 

a multiverse approach (Steegen et al., 2016) wherein the (un-)standardized, CLES, and 
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persons as effect sizes are assessed (e.g., https://paulriesthuis.shinyapps.io/interpreteffect/). 

However, a specific focus on unstandardized effect sizes is encouraged. Third, another 

recommendation is to determine the SESOI a priori and provide justifications for the SESOI 

(e.g., anchor-based, consensus, etc.; see above). We especially draw attention to conducting 

cost-benefit analyses to contextualize effect sizes as they can provide an informative answer 

on why a chosen effect size might be practically or theoretically relevant. Fourth, we 

encourage researchers to conduct power analyses for each hypothesis of interest using 

contextualized and justified SESOIs. Moreover, the power analysis should reflect the 

eventually conducted test (i.e., equivalence, minimum-effect, NHST) and analysis (e.g., 

independent sample t-test, ANOVA, multilevel model). Relatedly, it is recommended to 

conduct sensitivity analyses to examine how statistical power is affected when key parameters 

change. Finally, we encourage researchers to share, for instance, their R code or all 

parameters of G*Power (Faul et al., 2009) and its output to ascertain that the power analyses 

are reproducible. Taken together, the appropriate use of effect sizes will improve the 

statistical and practical inferences of memory research.  
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