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Abstract 
In their recent paper, Persons as Effect Sizes, Grice and colleagues advocated 
for a technique that adjusts statistical effect sizes upwards for intervention 
studies with low base rates like those found in medical and epidemiological 
research. This technique was developed by Ferguson in part as an aid for com-
paring medical effect size magnitudes to those reported in psychological stud-
ies. Herein we challenge the rationale behind this technique by particularly 
examining Ferguson’s proposed distinction between “hypothesis-relevant” 
and “hypothesis-irrelevant” cases which lies at the heart of his method. We 
then advocate against using this technique and instead demonstrate graphical 
and numerical procedures, many of which are well known, that are rooted in 
the unadjusted raw data and that are consistent with the person-centered ap-
proach toward evaluating effect sizes. Finally, we explore the pitfalls associated 
with comparing effect sizes from medical studies, which often have miniscule 
base rates, to those found in psychological studies and conclude that such 
comparisons should be avoided. 
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1. Introduction 

In their paper, Persons as Effect Sizes, Grice and colleagues [1] introduced a 
straightforward statistic to complement traditional effect size indices (e.g., d, η2, 
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V). This statistic, termed the Percent Correct Classifications Index (PCC), quan-
tifies the percentage of study participants whose behavior or responses align with 
theoretical expectations. Using examples from published studies, the authors il-
lustrated its application in evaluating hypotheses about group differences (both 
within and between groups), associations, and relative risk. For relative risk as-
sessment, Grice et al. developed a modified statistic, herein labeled PCCh, by adapt-
ing a procedure from Ferguson [2] that adjusts small effect sizes in large clinical 
trials. This method (detailed below) corrects raw frequencies for low base rates 
and calculates a correlation, termed rh, for the variables of interest. Ferguson de-
veloped this procedure following research that compared effect sizes between psy-
chological and medical studies [3]. He concluded that psychological effect sizes 
may or may not compare favorably to medical ones but cautioned that such com-
parisons, even when using rh, remain complex, challenging, and potentially un-
warranted. 

In the current paper, we revisit and build upon this line of prior research, making 
four key contributions. First, we reexamine the PCCh, providing a detailed expla-
nation of how Grice and colleagues applied Ferguson’s adjustment to their person-
centered statistic. This clarification sets the stage for our second point, where we 
critically evaluate the logic underpinning the computation of Ferguson’s rh. Our 
analysis reveals that Ferguson’s frequency adjustments are based on inconsistent 
logic, therefore rendering rh and PCCh unsound. Third, we propose an alternative 
approach for utilizing the original PCC without relying on Ferguson’s adjustment, 
offering a more robust framework for its application in studies of relative risk. Fi-
nally, we revisit the comparison of psychological and medical effect sizes, endors-
ing Ferguson’s original conclusions but grounding our agreement in an expanded 
methodological perspective that incorporates diverse effect size indices. 

2. PCC, rh, and PCCh Statistics 

Grice et al.’s [1] Percent Correct Classifications (PCC) index has its roots in the 
earlier work of Cliff [4] and Grissom [5] and can also be seen in the recent work 
of Speelman and McGann [6]. As an example of relative risk assessment, Grice 
and colleagues analyzed data from the famous Salk vaccine trial conducted on over 
four-hundred thousand children. The results from the trial are presented in Fig-
ure 1 which shows proportions of children who contracted or did not contract 
polio separated by their vaccination status. As can be seen, slightly more children 
receiving the placebo contracted polio (0.06%) compared to those who received 
the vaccine (0.02%). The frequency bars are also color-coded according to a naïve 
Bayesian classifier [7], with green bars indicating correctly classified observations 
and red bars indicating incorrectly classified observations. Converting the total 
number of correct classifications to a percentage yields a PCC equal to 49.96%. 
With only 50% of the children classified correctly, the result appears inconsistent 
with the known efficacy of the polio vaccine and scientists’ understanding of vi-
rology [8] [9]. By comparison, Grice and colleagues analyzed data from an exper-
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imental study of 307 men that compared hormonal treatment to a placebo. The 
results of that study yielded a high PCC value equal to 92.51%, indicating a clear 
difference in testosterone levels (the measured outcome dichotomized via median 
split) between the two groups. Almost all of the men in the treatment group had 
higher levels of testosterone when compared to men in the placebo group.  

 

 

Figure 1. Frequencies of polio incidence by vaccination status. Note. Frequencies are re-
ported in or next to the histogram bars. Total frequencies are reported in the margins of 
the figure. Percentages of children contracting or failing to contract polio in the vaccinated 
and non-vaccinated groups are also reported. Cases are classified using a naïve Bayesian 
classifier.  

 
As an additional analysis of the Salk vaccine data, Grice and colleagues em-

ployed Ferguson’s [2] procedure that upwardly adjusts small effect size correla-
tions found in large clinical trials. Specifically, his procedure adjusts raw frequen-
cies for low base rates (the exact steps will be described below) and then computes 
a correlation, dubbed rh, for the two variables under consideration. Applying these 
adjustments to the data for the Salk vaccine trial yields the frequencies shown in 
Figure 2. The correlation for the original frequencies is 0.01 while the value for rh, 
based on the adjusted frequencies, is 0.74. The PCC similarly increases from 
49.96% to 85.65% (referred to herein as PCCh) once the adjustment is applied. The 
higher rh and PCCh effect magnitudes are more consistent with what researchers 
might expect given the well-known efficacy of the Salk vaccine. These results 
therefore appear more valid than the original correlation and PCC… but is the 
reasoning behind their creation sound? 

 

 

Figure 2. Adjusted frequencies of polio incidence by vaccination status. Note. “Hypothesis 
Irrelevant” cases are not included in the figure. The remaining cases are classified using a 
naïve Bayesian classifier.  

 
The Salk vaccine trial data are reported in Table 1 ([3], p. 226). As can be seen, 

401,974 children received either the experimental vaccine (n = 200,745) or a pla-
cebo (n = 201,229). Of those receiving the former, 33 contracted polio while 115 
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of those receiving the placebo contracted the disease. The simplest formula for 
Pearson’s r (or phi) for the dichotomous variables in Table 1 is as follows (letters 
denote cells in the table): 

 
Table 1. Salk vaccine contingency table. 

 Placebo Vaccine Totals 

No Polio 201,114 (a) 200,712 (b) 401,826 

Polio 115 (c) 33 (d) 148 

Totals 201,229 200,745 401,974 
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A value of zero would indicate complete independence between the drug and 
outcome variables, and the result is thus surprisingly low given the widely held 
belief in the vaccine’s efficacy. Rosnow and Rosenthal [3] presented additional 
surprisingly small correlations for treatments and outcomes from the medical lit-
erature. The point of presenting such small magnitudes was to suggest that psy-
chologists should not be ashamed of nor defensive about the small statistical effect 
sizes they often find in their studies of the human psyche. After all, if modern med-
icine has advanced over the past decades with such small statistical effect sizes, so 
too can psychology. 

Ferguson [2] took Rosnow and Rosenthal’s [3] work a step further by arguing 
that phi is not an optimal measure of effect size for judging efficacy because of the 
impact of low base rates in the context of large samples. He argued the computa-
tion of phi includes unnecessary “hypothesis irrelevant” cases, and removing such 
cases would yield an estimate of effect size that is more ecologically valid. Using 
the data presented in Table 1, Ferguson reasoned that the hypothesis of interest 
is “The Salk vaccine is effective in preventing polio in individuals who are exposed 
to the polio virus” ([2], p. 132). Moreover, he pointed out the researchers used a 
“wide net” sampling procedure, and by doing so many children in the sample were 
not relevant to testing the hypothesis. Ferguson’s task, then, was to remove these 
children and recompute the correlation. The steps he took were as follows:  

1) Compute the proportion of children in the control (placebo) group who con-
tracted polio: 115/201,229 = 5.71 × 10−4 (see Table 1). It is important to note the 
115 children in this group who contracted polio without being vaccinated are con-
sidered as hypothesis relevant, whereas the remaining 201,114 children are 
deemed hypothesis irrelevant and will consequently be deleted from the table.  

2) Use the proportion from Step 1 to compute the number of children in the 
vaccine group who are expected to contract polio: 5.71 × 10−4 × 200,745 = 114.72. 
This value is rounded to a whole number, 115. This result indicates that, if the 
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vaccine were perfectly ineffective, we would still expect 115 children in the vac-
cinated group to contract polio. 

3) Adjust the original contingency table by removing the hypothesis irrelevant 
children and replacing the total children vaccinated (n = 200,745) with the ex-
pected number of polio victims under inefficacy (n = 115), as can be seen in Table 
2. The vaccinated children who contracted polio (n = 33) are considered hypoth-
esis relevant and kept in the table. With 33 vaccinated children contracting polio, 
82 of the 115 expected polio victims remain. This value is entered into the contin-
gency table to replace the 200,712 vaccinated children who did not contract polio. 
The 200,630 vaccinated healthy children removed from the table are therefore 
considered as hypothesis irrelevant. 

 
Table 2. Adjusted Salk vaccine contingency table. 

 Placebo Vaccine Totals 

No Polio 0 82 82 

Polio 115 33 148 

Totals 115 115 230 

 
4) Use Equation (1) above on the adjusted frequencies in Table 2 to compute 

rh. The result is equal to 0.74.  
A second example included in Rosnow and Rosenthal’s [3] original paper en-

tails the relationship between aspirin consumption and incidence of heart attack 
[10] [11]. The data for the original study of 22,071 men is shown in Table 3 and 
the correlation between the two variables is equal to only 0.03 (PCC = 50.46%). 
Following the steps outlined above yields the adjusted frequencies reported in Ta-
ble 4, for which the value of rh is quite a bit higher at 0.52. The value for PCCh 
computed from the adjusted frequencies is also notably higher at 70.92%.  

 
Table 3. Aspirin study contingency table. 

 Placebo Aspirin Totals 

No Heart Attack 10,795 10,898 21,693 

Heart Attack 239 139 378 

Totals 11,034 11,037 22,071 

 
Table 4. Adjusted aspirin study contingency table. 

 Placebo Aspirin Totals 

No Heart Attack 0 100 100 

Heart Attack 239 139 378 

Totals 239 239 478 

3. Criticisms of rh and PCCh 

As described above, Ferguson removed cases from contingency tables because he 
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reasoned they were “hypothesis irrelevant”. Not only is the removal of individuals 
inconsistent with the person-centered approach advocated by Grice et al. [1], but 
the two examples show this is no small matter. In the Salk vaccine study 401,744 
cases (99.94%) were removed and in the aspirin study 21,592 cases (97.82%) were 
removed. Are such large percentages of cases truly irrelevant to the hypotheses? 
We think the answer is “no”, and the reason for this answer can be found in the 
computations above. Consider the Salk vaccine study. The baseline proportion of 
children expected to contract polio without being given a vaccine plays a critical 
role in the computation of rh. This baseline is calculated as: 115/201,229 = 5.71 × 
10−4. The computation is possible only because there are 201,114 healthy (no po-
lio), unvaccinated children in the sample; yet these children are deemed as “hy-
pothesis irrelevant”. In other words, to compute the necessary proportion of chil-
dren expected to contract polio without intervention and compute rh as a test of 
the hypothesis “The Salk vaccine is effective in preventing polio in individuals 
who are exposed to the polio virus”, some of the hypothesis irrelevant children are 
needed. It appears, then, these children are not truly hypothesis irrelevant. 

A counterargument might suggest the children are irrelevant because the base-
line proportion is computed using the number of children who were not vac-
cinated and contracted polio (n = 115) and the total number of unvaccinated chil-
dren (n = 201,229). The specific number of unvaccinated children who did not 
contract polio (n = 201,114) is not included in the computation. In a sense this 
argument is technically true, which is to say it is mathematically true, but it obvi-
ously glosses over the fact that the latter group is included in the former group of 
children. In other words, it is detached from the real experiences of individual 
children represented by the numbers…ironically a reality Grice et al. [1] sought 
to protect in their persons as effect sizes approach. Each child in the placebo group 
is observed by a doctor and judged to be either healthy or sick, and with each 
judgement something is learned about the prevalence of polio in the sample…a 
rate which is central to computing rh. The judgment that unvaccinated Johnny is 
sick with polio is just as valuable and necessary to computing the proportion 
above as is the judgment that unvaccinated Susie is not sick. Healthy or sick then, 
each child is relevant to the hypothesis under consideration, thus undercutting 
the rationale supporting rh and, by extension, PCCh.  

4. Persons as Effect Sizes 

Where does this conclusion leave Grice et al. [1] with their persons as effect sizes 
approach? First, it only applies to the efficacy assessment (denoted as “risk assess-
ment”) examples they reported for intervention studies using 2 × 2 experimental 
designs. Such designs include a treatment vs. control variable (e.g., vaccine vs. 
placebo) and a dichotomous outcome variable (e.g., polio present vs. polio ab-
sent). It has no bearing on the other examples of within-subject designs, between-
group comparisons, and variable associations for which they computed the PCC 
in their paper. Second, when working with two dichotomous variables from a 
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medical or psychological intervention study, it follows from the criticisms above 
that raw frequencies in contingency tables should not be adjusted. In other words, 
the adjusted graphs employed by Grice et al. are not to be recommended and PCCh 
is not to be computed. All participants are to be considered as hypothesis relevant 
in an intervention study and should be included in contingency tables and figures. 
This recommendation also avoids the confusion that is likely to result from the 
deletion of cases. Returning to Figure 2, no children are reported for the Polio/Pla-
cebo condition. A naïve observer will rightly question why no children are re-
ported for this condition, why 100% of the children in the placebo group con-
tracted polio, and why only 230 children are reported from a total sample of over 
four-hundred thousand (assuming the actual sample size is known). The graph is 
unfortunately a radical distortion of reality. If the graphing procedures by Grice 
et al. are to be used, then, we recommend reporting all of the cases for the treat-
ment and control conditions, as shown in Figure 1. While low base rates may barely 
register as frequency bars in a given figure, they should not be hidden from view 
as a truly person-centered approach requires all persons to be included in any 
effort to interpret the meaning of a given study’s outcome. Reporting frequencies, 
proportions, or percentages in the histogram bars will moreover facilitate inter-
pretation of the results as well as the computation of the unadjusted PCC and 
other person-relevant statistics. 

These additional statistics (described below) are well known among epidemiol-
ogists, and we consider them to be person-centered because they can be under-
stood from the vantage point of the layperson, whose central question regarding 
an intervention study’s outcome is “how necessary and effective is this treatment 
likely to be for me?” Generally speaking, person-centered approaches treat indi-
viduals and their unique response patterns as the primary units of analysis, in 
contrast to variable-centered approaches, which rely on aggregate statistics (e.g., 
means, variances, correlations) to examine group differences or variable relation-
ships (see [12]). Consider the Salk vaccine trial data reported in Figure 1 above. 
Using this figure and the numbers reported therein, how is a layperson to answer 
this question? The correlation coefficient is not up to the task as it addresses a 
variable-centered question; namely, are the two variables associated? As is well 
known, Pearson’s r is a unit-free, generic metric of association as can be seen in 
its z-score formulation: 

  
1

x y
xy

z z
r

n
=

−
∑   (2) 

The z-transformation removes mean and variance differences between varia-
bles, which can be quite useful when working with a wide array of variables such 
as ability test scores, self-report inventory sum scores, or clinical scale scores. This 
diversity of variables is also why psychologists find standardization to be useful 
for aggregating effects across studies. The downside is that, missing from the z-
score-based correlation formula above, are the base rates for dichotomous varia-
bles like those in intervention studies; and it is these base rates that are critical for 
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interpreting the meaning of a given risk-assessment study’s results. This fact is 
well known (see [13]) and is what drove Ferguson [2] to decimate sample sizes in 
the development of rh. As noted above, the PCC (reported in isolation from Figure 
1) similarly fails to make plain the importance of low base rates. 

One route forward for the layperson in interpreting binary outcomes like the 
Salk data reported in Figure 1 is to compare the percentages of disease in the treat-
ment and control groups as follows:  

  ARR 0.05715% 0.01644% 0.04071%= − =   (3) 

This value is the well-known Absolute Risk Reduction (or Risk Difference, RD) 
statistic. It here shows 0.041% fewer vaccinated children contracted polio com-
pared to those who were not vaccinated. The risk of contracting polio without the 
vaccine is already quite low (0.057%), but the vaccine lowers it by an additional 
0.041%. With such a low base rate and small ARR, it is not surprising the Number 
Needed to Treat (NNT; [14]), another effect size index, is quite high: 

 ( )1 NNT 2456.40 or 2456 persons
0.0004071

= =   (4) 

This result means that 2456 children would need to be vaccinated to prevent 
one case of polio. This statistic clearly fits the spirit of the person-centered ap-
proach and on the surface suggests the vaccine is not highly efficacious; however, 
caution is warranted. The statistic cannot be interpreted in isolation from the raw 
data as the prevalence of polio is extremely low, as clearly shown in Figure 1. 

Should the low risk of infection without vaccine be taken into account in the 
computation of a numeric effect size? Consider the Relative Risk Reduction (RRR) 
as one alternative:  

 ( )0.05715% 0.01644% RRR 0.71234 ~ 71%
0.05715%

−
= =   (5) 

This result is interpreted as indicating 71% efficacy and is commonly reported 
for modern vaccines (e.g., “A two-dose regimen of BNT162b2 conferred 95% pro-
tection against Covid-19 in persons 16 years of age or older.” [15], p. 2603). It is 
clear, however, the reported efficacy represents a decrease in the infection rates 
relative to the extremely low base rate observed in the placebo group.  

Yet another method for including the low base rate in a computed effect size is 
the Odds Ratio (OR): 

 ( )0.05715% OR 3.47628 ~ 3.48
0.01644%

= =   (6) 

Those receiving the placebo were 3.48 times more likely to contract polio com-
pared to those receiving the Salk vaccine. Like the RRR, this result is also apt to 
strike the layperson’s ear as indicating impressive efficacy. 

All of these effect sizes and the PCC can be quickly computed from the numbers 
presented in Figure 1, and they are all perfectly legitimate even though they are 
likely to invoke different interpretations of efficacy regarding the Salk vaccine. 
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Considering the ARR (or RD) and RRR, for instance, is one to conclude the vac-
cine decreases the chance of contracting polio by 0.04%, a trivial amount, or by 
71%, a large amount? According to Stegenga [16], “The answer is that it does both, 
because the question is ambiguous.” (p. 67). The percentage of individuals con-
tracting polio after vaccination decreases by .04071%; but 0.04071% of something 
that has a prevalence rate of 0.05715% across many people is ~71%. He therefore 
concluded both effect sizes should be considered but that “At the very least, they 
[the laypersons] need the absolute measure [RD] to make an informed treatment 
decision. Effectiveness of an intervention, from the first-person perspective of a 
patient, is, roughly, the degree to which the intervention increases the probability 
that the patient will experience the beneficial outcome in question. This differ-
ence-making notion is adequately represented by RD and is not adequately repre-
sented by RRR [sic]…From the individual patient’s perspective, then, the appro-
priate outcome measure is RD.” ([16], p. 67; see also, [17] [18]). The safest route 
forward, then, appears to be a “full disclosure” approach to reporting results for 
these types of intervention studies. Once Figure 1 is generated, all the effect sizes 
above can easily be computed and interpreted by researchers and laypersons alike 
in the context of the specific study’s design and results (viz., 2 × 2 design, sample 
size and control and treatment rates; cf. [19]). Admittedly, conflicting statistical 
effect size indices may confuse some readers, particularly when interpreting com-
plex phenomena. However, transparency in reporting all relevant metrics remains 
the superior scientific approach, as it fosters comprehensive understanding and 
allows for a critical evaluation of a given study’s findings. This “full disclosure” 
practice also supports replication efforts and ensures that the nuances of effect 
size interpretations are not obscured, thus promoting robust scientific discourse.  

5. Effect Size Indices in Psychology and Medicine 

Recall Ferguson [2] was inspired by Rosnow and Rosenthal’s ([3], p. 227) brief 
discussion of effect sizes across medical and psychological studies. Table 5 reports 
results from most of the studies used in their discussion along with several added 
examples.1 The table includes all of the effect size indices discussed above as well 
as their intercorrelations. Some of the disparities between the various effect sizes 
in the table are quite remarkable. For the Covid-19 vaccine, for instance, r = 0.06, 
RRR = 95.03%, ARR = 0.84%, NNT = 119, OR = 20.28, and PCC = 50.25. While 
RRR and OR suggest high efficacy for the vaccine, the other indices suggest low 
efficacy. By comparison, a study investigating the impact of a cholesterol treat-
ment on coronary heart disease yielded one of the highest ARR (20.99%) and PCC 

 
1Necessary frequencies for computing the indices of effect sizes could not be located for a number of 
studies reported in the original table by Rosnow and Rosenthal. These studies are omitted. Moreover, 
a number of r and rh values in Table 5 differ from the corresponding values reported by Ferguson by 
0.03 or less (in absolute value). These differences are likely due to rounding. However, rh values for the 
Vietnam Veteran and Testosterone studies differed substantially (0.44 vs. 0.15 and 0.62 vs. 0.36 for 
Ferguson vs. Table 5). The two values reported in Table 5 are consistent with the high correlation 
between rh and RRR. All values in Table 5 were computed on the basis of the study frequencies using 
equations programmed into Excel. 

https://doi.org/10.4236/ojapps.2025.159178


J. W. Grice et al. 
 

 

DOI: 10.4236/ojapps.2025.159178 2657 Open Journal of Applied Sciences 
 

(60.49%) values and lowest NNT values (5), indicating impressive efficacy. The 
Pearson’s correlation was still only 0.22, a small value considering a range of 0 (no 
association) to 1 (perfect association). The RRR (34.69%) and OR (2.34) results 
were also less impressive than those for the Covid-19 vaccine and other interven-
tions. Which effect size is telling the scientist or layperson the true story of efficacy 
for these treatments or any others reported in Table 5? 

 
Table 5. Indices of effect size for various intervention studies. 

Independent Variable Dependent Variable n B Rate r rh RRR ARR NNT OR PCC PCCh 

Salk Vaccine Polio 401,974 <0.01 0.01 0.74 71.24 0.04 2456 3.48 49.96 85.65 

Beta carotene Death 29,133 0.13 0.01 0.20 7.33 0.93 107 1.09 50.48 53.65 

Aspirin Heart Attack 22,071 0.02 0.03 0.51 41.86 0.91 110 1.74 50.46 70.92 

Streptokinase Death 11,712 0.13 0.03 0.31 17.26 2.24 45 1.24 51.14 58.60 

Alendronate Hip Fracture 2027 0.02 0.04 0.58 50.83 1.11 90 2.06 50.96 75.00 

Covid-19 Vaccine Covid 36,523 0.01 0.06 0.95 95.03 0.84 119 20.28 50.25 97.52 

Vietnam veteran status Alcohol Problems 4462 0.91 0.07 0.15 4.97 4.52 22 1.57 47.78 46.96 

Garlic Death 432 0.10 0.09 0.55 47.97 4.57 22 2.02 53.47 73.17 

Testosterone Adult delinquency 4462 0.90 0.12 0.36 14.04 12.64 8 2.63 83.26 91.41 

Cyclosporine Death 209 0.10 0.15 0.76 71.93 7.46 13 3.86 53.11 86.36 

Warfarin Blood Clots 508 0.15 0.15 0.67 62.46 9.13 11 2.95 54.72 81.08 

Hosp. vs. Tx Choice Alcohol Problems 144 0.38 0.16 0.49 38.76 14.74 7 2.02 57.64 69.09 

AZT for neonates HIV 364 0.22 0.21 0.71 67.50 14.84 7 3.66 57.42 83.75 

Cholesterol treatment Coronary status 162 0.60 0.21 0.46 34.69 20.99 5 2.34 60.49 67.35 

AZT Death 282 0.12 0.23 0.94 94.09 10.99 9 19.04 56.74 96.97 

Tx. Choice vs. AA Alcohol problems 154 0.63 0.25 0.50 39.30 24.62 4 2.73 62.34 71.88 

Hosp. vs. AA Alcohol problems 156 0.63 0.40 0.69 62.83 39.36 3 5.53 69.23 82.65 

 Rank Correlations           

 Base Rate −0.525          

 r −0.876  0.575         

 rh −0.048 −0.560  0.233        

 RRR −0.044 −0.578  0.218  0.998       

 ARR −0.884  0.757  0.924 −0.074 −0.088      

 NNT 0.884 −0.757 −0.924  0.074  0.088 1.000     

 OR −0.238 −0.141  0.520  0.873  0.855 0.265 −0.265    

 PCC −0.753  0.609  0.797 −0.044 −0.069 0.907 −0.907 0.270   

 PCCh  0.037 −0.331  0.233  0.836  0.806 0.010 −0.010 0.873 0.174  

Note. Hosp. = compulsory hospitalization; tx. = treatment; AA = Alcoholics Anonymous. Sources: Salk Vaccine [20]; Aspirin [10]; 
Alendronate [21]; Covid Vaccine [15]; Beta carotene [22]; Streptokinase [23]; Vietnam veteran status [24]; Garlic [25]; Testosterone 
[26]; Hosp. vs. Tx Choice [27]; Cyclosporine [28]; Warfarin [29]; AZT for neonates [30]; Cholesterol treatment [31]; AZT [32]; Tx. 
Choice vs. AA [27]; Hosp. vs. AA [27]. 
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Examination of the Spearman correlations in Table 5 also indicates that, as 
noted above, base rates are playing an important role in the variability between 
the effect size indices. Base rates for the control conditions are correlated posi-
tively with r (0.573) and ARR (0.757) and negatively with RRR (−0.578) and OR 
(−0.141). As can also be seen, sample size is negatively correlated with r (−0.885) 
and ARR (−0.884) and is nearly orthogonal to RRR (−0.044). As an aside, the cor-
relation between rh and sample size is also nearly zero (−0.048, as noted by Fergu-
son [2]) and the correlation between rh and RRR is near unity (rho = 0.998). This 
latter result is not surprising, however, as the base rate adjustment used in Fergu-
son’s decimation of sample sizes is the denominator of the RRR (see Equation (5)). 

The general lesson learned from the contents of Table 5 is that interpreting 
effect sizes from either the researcher’s or layperson’s point of view is no simple 
matter for intervention studies. Moreover, attempts at cross-discipline compari-
sons between medical and psychological studies may be poorly motivated. Medi-
cal and epidemiological effect sizes from 2 × 2 contingency tables like those above 
are focused on explicit-intervention efficacy (or risk) estimation, whereas many 
effect sizes in psychology are focused on generic associations or mean differences 
between variables ([33] [34]). Ferguson [2] also notes issues of reliability and va-
lidity that make it difficult to compare effect sizes across disciplines, and Rosnow 
and Rosenthal [3] note the importance of context and the nature of the dependent 
variable. It seems psychologists may nonetheless be tempted to leverage epidemi-
ological arguments from the risk literature to justify interpreting small effect sizes 
as consequential (e.g. [35]-[37]). This strategy is problematic because the base rate 
for a psychological phenomenon of interest is meaningless when there is no actual 
intervention being deployed or assessed as a population outcome or effect. Psy-
chological test scores, for example, do not constitute an “intervention” as might 
be instantiated when establishing the risk vs. benefit of say an aortic stent surgical 
operation for patients with a certain kind of heart failure, or the impact of a spe-
cific kind of hygiene intervention within a target population. This distinction is 
why many psychological research reports of effect size magnitude do not engage 
with absolute or relative risk estimates of outcomes, because no explicit phenom-
enal interventions are being investigated (unlike in medical research). A more re-
cent exposition from the psychiatric/mental health area is more realistic when it 
extrapolates small effects for mental health issues as having important epidemio-
logical consequences [38]. Without such careful extrapolation, it’s prudent to view 
small effect sizes as indicating trivial real-world differences, thereby preventing 
overstated claims about their influence on outcomes or behavior, avoiding mis-
representation of relationship strength, and emphasizing the need for replication 
or stronger effect sizes in subsequent studies. 

6. Conclusion 

In summary, attempts to compare psychological effects with medical research out-
comes should be abandoned—a conclusion also reached by Ferguson ([2], p. 135). 
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It seems there is nothing to be gained from these efforts except confusion and 
misrepresentation of outcomes. The coefficients used by many psychologists and 
medical diagnostics share little in common, especially the language each employs 
to address the interpretation of the results. The majority of psychologists do not 
employ interventions and assess binary outcomes and are therefore unconcerned 
with base rates, focusing instead on associations or mean differences between var-
iables. Likewise, the base rates of a phenomenon of interest in epidemiological/risk 
estimation are usually miniscule compared to those found in psychology research. 
Epidemiological extrapolation of small psychological effects may unfortunately be 
little more than “armchair speculation”, invariably unsupported by clear empiri-
cal evidence of the projected outcomes over time. While also recommending psy-
chologists avoid conventions for interpreting effect sizes (e.g., “d = 0.2 is a small 
effect”), Götz, Gosling, and Rentfrow [19] recently concurred that such specula-
tion be avoided when interpreting the importance of a given effect. 
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