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Statistical power analysis simulation results are provided for determining 

the “worst-case” sample size assuming minimal measurement precision 

and relatively weak or moderate effect strengths. In simulated trials with 

relatively weak effects (ESS = 24%), greater than 80% and greater than 

90% power is achieved for equal sample sizes for unit-weighted analyses 

of one comparison at n = 70 and n= 90 subjects per group. For simulated 

trials with moderate effects (ESS=48%) greater than 80 and greater than 

90% power was achieved for the same conditions at n = 20 and n = 25 

subjects per group. A simulation-based approach is useful for determin-

ing the “worst-case” sample sizes in various applications. 

 

 

 

Estimating the minimum sample size required to 

obtain a statistically significant effect in a study 

is a crucial facet of experimental design and a 

requisite component of applications which seek 

approval from Institutional Review Boards or 

funding for proposed investigations.
1
 A recent 

article described two different approaches which 

may be used to estimate minimum sample size.
2
 

The first method, that is not considered herein, 

involves the use of simulation to model putative 

results of the planned investigation.
3
  

This paper addresses the second method 

whereby a “worst-case scenario” is evaluated. 

Using this approach the class variable and the 

attribute both hypothetically assume the least-

sensitive measurement metric possible—which 

is a binary indicator.
4
 Because Type I error for 

ODA and Fisher’s exact test are identical (only) 

in unit-weighted binary applications, statistical 

power analysis may be conducted for ODA via 

power curves constructed for Fisher’s exact 

test.
5
 This is the “lowest power” outcome that is 

possible in a study, as more sensitive metrics 

obviously offer greater statistical power vis-à-

vis their enhanced measurement precision.
4 

Moreover, power can be calculated for varying 

levels of alpha according to the number of post-

hoc comparisons (e.g., increasing strata).
6
 

In all manifestations of maximum-

accuracy analysis,
7
 including (non)weighted 

uses of ODA,
5,7-8

 CTA,
9-11

 and novometric,
11-17

 

analysis, a relatively weak effect is defined as a 

model which yields an ESS (effect strength for 

sensitivity) value which is less than 25%, and a 

moderate effect yields an ESS value which is 

25% or greater and less than 50% (gradations of 

stronger effects are defined).
5,11

 Below, a worst 

case scenario power analysis is operationalized 

for a projected relatively weak effect, and for a 

projected moderate effect. The methodology 
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Power Analysis Using Fisher's Exact Test for ESS: 24%

10,000 simulations per pair per comparison

used to generate individual power curves within 

the R environment is also provided. 

Relatively Weak Effect 

The first power analysis simulation is 

given for a relatively weak effect—defined by 

ESS<25%. For a hypothetical example an effect 

having ESS=24% was modeled (Table 1). 

Table 1: Modeled Relatively Weak Effect 

                           Predicted Class 

Actual Class     Class 0      Class 1    

     Class 0             62             38 

     Class 1             38             62 

 In the simulation, optimal solutions 

having 2-, 3-, 4-, and 5-strata were modeled, 

because most globally optimal models
12

 involve 

five or fewer sample strata.
11

 These strata 

correspond to 1-, 2-, 3-, and 4- comparisons per 

experiment. Statistical power for the 2-strata 

model was evaluated for one test of a statistical 

hypothesis, having an associated p<0.05. For 

higher-dimensional solutions, Sidak-type
5,6

 

adjustments were made for multiple compari-

sons (C) to maintain an experimentwise Type I 

error rate of p<0.05, where adjusted alpha = 1-

(1-alpha)
1/C

. Statistical power for the 3-strata 

model (which involved two tests of statistical 

hypotheses) was thus computed for p<0.0254; 

for the 4-strata model (involving three tests of 

statistical hypotheses) was computed for p< 

0.0170; and for the 5-strata model (involving 

four tests of statistical hypotheses) was com-

puted for p<0.0128. 

A simulation was conducted using the 

power.fisher.test function available within the 

statmod package (version 1.4.33) for R written 

by Gordon Smyth. Briefly, equal sample sizes 

with n1=n2 ranging 50 to 150 were input. The 

proportions p1 and p2 were taken from the 

confusion matrices (e.g., 62% and 38% belong-

ing to class 1). The resulting simulations are 

presented in Figure 1. 

Figure 1. Power curves for a weak effect for 

 2-, 3-, 4-, and 5-strata models. 

The standard convention used to assess 

adequate statistical power—80% (black dashed 

line) for laboratory experiments, and 90% (blue 

dashed line) for applied experiments in fields 

such as medicine or psychology—is indicated in 

the Figure using dashed lines. For clarity, the 

statistical power corresponding to each of the 

modeled sample sizes and number of strata is 

presented in Table 2. 

Table 2: Power for equal sample size (n) with a 

Relatively Weak Effect (ESS 24%). 

(n) C=1 C=2 C=3 C=4 

50 63.6% 54.1% 47.2% 43.5% 

60 71.8% 63.7% 57.1% 52.9% 

70 81.0% 72.8% 67.2% 63.5% 

80 86.5% 79.7% 74.4% 71.0% 

90 90.5% 84.2% 80.5% 77.5% 

100 92.9% 88.3% 85.3% 83.3% 

110 95.2% 91.7% 89.2% 86.8% 

120 96.7% 94.4% 92.6% 90.9% 

130 97.6% 95.8% 94.0% 92.7% 

140 98.6% 97.2% 95.9% 94.9% 

150 98.8% 97.7% 97.1% 96.4% 

Legend: c is the number of comparisons (i.e., Sidak adjustment 

factor) where n is the number of subjects. For each n and c 

above, 10,000 simulations were generated in R (version 3.5.0). 

 For a weak effect strength with one test 

of a statistical hypothesis, corresponding to a 
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Power Analysis Using Fisher's Exact Test for ESS: 48%

n=10,000 simulations per pair per comparison

two-strata model, a sample of 70 subjects per 

group (i.e., model endpoint) was needed to 

achieve greater than 80% power, and a sample 

of 90 subjects per group was needed to achieve 

greater than 90% power to test the alternative 

hypothesis. Also note that all of the models 

tested (2-5 strata) achieved 80% power with a 

sample of 100 subjects per group, and 90% 

power with a sample of 120 subjects per group. 

Moderate Effect 

The second power analysis simulation is 

given for a moderate effect—defined by 

25%<ESS<50%. For a hypothetical example an 

effect having ESS=48% was modeled (Table 3). 

Table 3: Modeled Relatively Weak Effect 

                           Predicted Class 

Actual Class     Class 0      Class 1    

     Class 0             74             26 

     Class 1             26             74 

 For this simulation, equal sample sizes 

with n1=n2 ranging 10 to 50 were input. The 

proportions p1 and p2 were taken from the 

confusion matrix (e.g., 74% and 26% belonging 

to class 1). The resulting simulations are 

presented in Figure 2. 

Figure 2. Power curves for a moderate effect for 

 2-, 3-, 4-, and 5-strata models. 

Again, 80% and 90% are indicated by 

black and blue dashed lines, respectively. For 

clarity, the statistical power corresponding to 

each of the modeled sample sizes and number of 

strata is presented in Table 3. 

Table 3: Power for equal sample size (n) with a 

Moderate Effect (ESS 48%). 

(n) C=1 C=2 C=3 C=4 

15 63.2% 49.9% 46.9% 46.4% 

20 80.2% 75.4% 67.2% 67.1% 

25 92.7% 87.4% 80.1% 79.8% 

30 95.7% 92.7% 88.9% 88.1% 

35 97.4% 95.7% 95.6% 92.8% 

40 99.1% 98.5% 97.1% 95.9% 

45 99.5% 99.1% 98.3% 98.3% 

50 99.9% 99.6% 99.5% 99.0% 

Legend: c is the number of comparisons (i.e., Sidak adjustment 

factor) where n is the number of subjects. For each n and c 

above, 10,000 simulations were generated in R (version 3.5.0). 

 For a moderate effect strength with one 

test of a statistical hypothesis, corresponding to 

a two-strata model, a sample of 20 subjects per 

group (i.e., model endpoint) was needed to 

achieve greater than 80% power, and a sample 

of 25 subjects per group was needed to achieve 

greater than 90% power to test the alternative 

hypothesis. Also note that all of the models 

tested (2-5 strata) achieved 80% power with a 

sample of 30 subjects per group, and 90% 

power with a sample of 35 subjects per group. 

Comments 

The optimal analysis of data depends to 

a large degree on robust methodologies. The 

present findings reaffirm that the power of an 

ODA model, foundational to both the CTA and 

novometric approaches, can be evaluated via a 

simulation-based approach. The first axiom of 

novometric theory was recently reformulated to 

reflect the importance of ensuring that a given 

model can adequately discriminate signal from 

noise, i.e., model versus chance.
2
 Adequate 
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power will remain an important facet of optimal 

data analysis vis-à-vis rigorous experimental 

design as well as data analysis. The approach 

herein represents a “worst case” scenario in the 

sense that the modeled effects represented a 

binary (i.e., the least precise and therefore the 

least powerful) level of measure. Within the 

paradigm of optimal data analysis, the use of 

ordered attributes to classify outcomes will thus 

yield power in excess of these predictions. 
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