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Given  its  potential  for  personalized  healthcare  and  education,  single  case  designs 
(SCDs) (1-4) – in which the same cases are measured repeatedly on the same outcome(s) of 
interest – has enjoyed increasing interest over time. In a publication in Volume 3 of this 
journal  (5),  three  key  statistical  methods  for  SCDs  are  compared  and  contrasted: 
randomization tests (4), the Bayesian percentage of all non-overlapping data or PAND-B (5), 
and  a  time  series  regression (TSR)  method  (5).  Although  PAND-B  is  the  only  of  these 
methods that allows for the incorporation of knowledge from theory or previous research 
and does not require frequently violated assumptions that invalidate TSR (5), recent work 
(6) demonstrates that PAND-B does not fully account for order information in ordinal or 
quantitative outcomes (e.g., ‘3’ is not only different from ‘1’ or ‘2’; ‘3’ is also higher than ‘2’, 
and ‘2’ is higher than ‘1’) and returns invalid estimates when the two conditions compared 
have unequal sample sizes. To address these shortcomings while retaining the benefits of 
being useful for all levels of measurement including nominal (e.g., different shoe colors or 
qualitatively different emotions that cannot undisputedly be categorized on a dimension 
like ‘better’ or ‘worse’) and incorporating knowledge from theory or previous research, a 
generalized  relative  effect  (GRE) statistic  was developed (6),  which is  based on Brunner-
Munzel’s relative effect (RE) statistic (7). Although the GRE introductory paper provides a 
step-by-step tutorial for how to obtain GRE point and interval estimates with basic R (8) 
code and interpret the outcomes, that paper focuses on two larger samples of participants. 
Therefore, the remainder of this paper uses the data from the aforementioned publication 
in Volume 3 of this journal (5) to provide an example of GRE in a single context. 

In this example (4- 5), there are 14 dizziness ratings (higher is dizzier) from the same 
person, 7 from a control (placebo) condition [5, 4, 5, 5, 5, 4, 6] and 7 from a treatment 
condition [6, 7, 6, 7, 4, 6, 7]. If we can assume the dizziness ratings as an outcome of at least 
ordinal level of measurement, GRE follows the computational procedure of RE, which is 
visualized in Table 1, and adds a prior distribution to account for knowledge from theory 
or  previous  research.  In  Table  1,  the  rating  difference  of  treatment  minus  control  is 
calculated for each pairwise comparison. As displayed in the lower part of the table, a 
negative difference (in red), which indicates higher ratings in the control condition, occurs 
only 5 times, there are 5 comparisons which result in a ‘0’ difference or tie, and the other 39 
comparisons result in higher ratings for the treatment. Next, the ties are equally divided 
over ‘control’ (hence 5 + 2.5 = 7.5) and ‘treatment’ (hence 39 + 2.5 = 41.5). These numbers 
are  then  rescaled  back  from  the  nC x  nE (i.e.,  the  sample  sizes  of  both  conditions) 
comparisons to the original sample size of nC + nE = N. This yields about 11.857 in favor of 
treatment and about 2.143 in favor of control. These numbers are then combined with a 
Binomial  prior  distribution  –  in  the  absence  of  prior  knowledge,  1  in  favor  of  either 
condition – to obtain a Binomial posterior distribution: B(11.857, 2.143) + B(1, 1) = B(12.857, 
3.143). This is a distribution with a posterior median (point estimate) of about 0.816 and a 
95% credible interval of [0.584; 0.952]. Although these estimates are similar to those of 
PAND-B (5), they are more accurate because the order information in the data is accounted 
for more precisely (6). The 95% credible interval excludes 0.5, which is the value under the 
null  hypotheses of  no difference between conditions,  and since higher ratings indicate 
more dizziness, the treatment seems to increase dizziness. 
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Table 1. Example of GRE computation.

However, if we were in a situation that the outcome variable was only of nominal 
level of measurement (e.g.,  ‘4’ and ‘5’ as different ratings but the latter not necessarily 
indicating  more  dizziness),  we  can  slightly  adapt  the  RE computational  procedure  to 
obtain  valid  GRE  point  and  interval  estimates:  all  pairwise  comparisons  resulting  in 
different ratings would simply be coded as ‘different’  (here:  44) while all  comparisons 
resulting in no difference would be coded as ‘same’ (here: 5). Subsequently, we apply the 
same rescaling procedure as for outcomes that are of at least ordinal level of measurement, 
and this time obtain about 12.571 in favor of treatment and about 1.429 in favor of control.  
These numbers are then combined with a Binomial prior distribution – in the absence of 
prior  knowledge,  1  in  favor  of  either  condition  –  to  obtain  a  Binomial  posterior 
distribution:  B(12.571,  1.429)  +  B(1,  1)  =  B(13.571,  2.429).  This  is  a  distribution with  a 
posterior median (point estimate) of about 0.863 and a 95% credible interval of [0.643; 
0.973].  The  95%  credible  interval  excludes  0.5,  which  is  the  value  under  the  null 
hypotheses of a 50%-50% same-different distribution.

Although GRE suffers from the same statistical power issue as other methods when 
samples  are  small  (e.g.,  assuming  at  least  ordinal  level  of  measurement,  GRE with  a 
default B(1, 1) prior, GRE and RE are very similar in terms of statistical power), it does 
provide point and interval effect size estimates for all levels of measurement, like PAND-B 
it can account for prior knowledge yet contrary to PAND-B accounts more precisely for 
order information and is  also valid for unequal samples.  Researchers should therefore 
consider  using  GRE  instead  of  PAND-B  when  analyzing  single  case  data,  and  the 
aforementioned tutorial  (6)  provides a step-by-step guide for how to compute GRE in 
basic R code. 

Finally, when using GRE, statistical power challenges – which are common for single 
case designs – can be reduced in one or several of the following ways, depending on the 
possibilities in a given context at hand: increasing the number of measurements of the time 
series (1), using relevant theory or previous research to justify informative priors (e.g., B(5, 
1)  or  B(1,  5)  instead  of  B(1,  1))  or  one-sided  instead  of  two-sided  testing  when  only 
differences in a specific direction are to be expected (6), and/or combining findings from 
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single studies into meta-analyses (3) to acquire more precise estimates of differences of 
interest.
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