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INTRODUCTION

Sample size is an important element of research studies, as it affects the statistical power and 
precision of the results. The goal of this procedure is to select an appropriate sample size that 
will correctly detect a specified difference at a given level of statistical significance or estimate an 
unknown parameter with a desired level of precision.[1-3]

In the field of radiology, inadequate sample size is one of the most common statistical errors 
found in articles submitted for publication. Unfortunately, these errors are rarely reported and 
few readers are aware of their importance.[1,4] On the one hand, large samples can lead to a waste 
of time, effort, and resources, especially if availability is limited, on the other hand, small samples 
can generate low statistical power or inaccurate estimates.[1,5] Furthermore, sample size is also a 
fundamental issue in experiments involving human beings or animals for ethical reasons.[1]

Researchers often decide on the sample size based on previous studies, either arbitrarily or 
according to a conventional rule (e.g., selecting 30 or more observations).[2,6-8] This last approach 
is usually sufficient for maintaining the central limit theorem and using approximations to the 
normal theory for measures such as the standard error of the mean.[7,9] However, this number 
may not be suitable in many situations because the appropriate number of observations depends 
on various characteristics, such as the statistical test used, the desired level of precision, and the 
study design.[2,8,10]

In general, the sample calculation can be based on an analysis of precision or power, which 
is usually carried out by controlling for type I (significance level) and type II (power) errors, 
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which occur when we test hypotheses.[3] We usually test 
two hypotheses, a null hypothesis (H0), which states that 
there are no differences between the groups in terms of 
mean or proportion, and an alternative hypothesis (H1), 
which contradicts H0, which states that there are such 
differences. If the null hypothesis is rejected when it is true, 
a type I error occurs. If the null hypothesis is not rejected 
when it is false, there is a type  II error. The probabilities 
of making type  I and type  II errors are denoted by α 
and β, respectively [Figure 1] An upper limit for α is the 
significance level of the test, while the power of the test is 
defined as the probability of correctly rejecting the null 
hypothesis when the null hypothesis is false, i.e., power = 
1 - β. Typically, the aim of research is to avoid a type I error 
and, at the same time, reduce a type  II error. In general, 
when the sample size is fixed, it decreases α as it increases 
β and increases α as it decreases β. Thus, the only approach 
to decrease α and β simultaneously is to increase the 
sample size.[3,10]

The aim of this paper is to describe in a pragmatic way the 
factors that determine the number of observations needed in 
radiological studies and ways to obtain optimal sample sizes 
in descriptive (mean and proportion) and comparative (two 
means, two proportions, intraclass correlation [ICC], and 
analysis of variance [ANOVA]) studies. Practical examples 
will also be presented, both solved manually and using 
R-based free statistical software.

FACTORS DETERMINING SAMPLE SIZE

There are several approaches to calculating the sample size, 
the main factors that influence its size are: The power of a 
hypothesis test, the significance criterion, the minimum 
expected difference, the variability, and the asymmetry of the 
hypothesis test.[1,10,11]

The statistical power of a hypothesis test is the probability 
that a statistical test will indicate a significant difference 
when it actually exists and is usually at least 0.8.[12] However, 
many clinical trial experts advocate for 90% power as it 
further reduces the Type  II error rate by half compared 
to 80% and offers greater flexibility if assumptions about 
variability or recruitment prove incorrect, although 
it necessitates a larger sample size.[13] In a study with 
insufficient power, there is a risk of mistakenly accepting 
the null hypothesis when the alternative is true, which we 
call a type II or β error. Type I or α error occurs when we 
reject the null hypothesis when it is true. As the sample 
size increases, the power increases, while keeping the 
other conditions fixed [Figure  1]. Although high power is 
always desirable, there is an obvious trade-off between the 
number of individuals that can be feasibly studied, usually 
considering a fixed period of time, and the resources 
available to carry out a study.[11,12,14]

The significance criterion is the maximum P-value for which 
a difference should be considered statistically significant, 
usually defined as 0.05, where the P-value is the probability 
of observing data as extreme or more extreme than that 
observed in the study, purely by chance, assuming the 
hypothesis is true. As the significance criterion is reduced, 
made more strict, the sample size needed to reject the 
null hypothesis increases.[11,12] Although this threshold is 
described as arbitrary and not based on scientific validity, 
the 5% significance level is the standard that currently exists 
in the literature.[10] A value <0.05 is primarily used when it 
is important to avoid a Type  I error, e.g., drug studies, one 
sided-tests.[15,16] The 95% confidence interval (CI) is also 
related to significance at the 0.05 level; if a 95% CI does not 
include the null value, it indicates a statistically significant 
difference at this level.[16,17]

The minimum expected difference is the smallest measured 
difference between the comparison groups that the 
researcher would like the study to detect or between the 
null and alternative hypotheses, depending on the type of 
study.[11,12]

The measure of variability is represented by the expected 
standard deviation (SD) of the measurements taken in each 
comparison group. As statistical variability increases, so does 
the necessary sample size to detect the minimum difference. 
Variability can be obtained from the literature or from pilot 
studies.[1,11,14]

The asymmetry of hypothesis testing refers to whether 
the approach is one-tailed or two-tailed. Studies involving 
one-tailed tests generally require a smaller sample size 
than those involving two-tailed tests. However, one-tailed 
tests should only be used when the direction of the test is 
evident. For example, this would be the case if the value 
of the alternative hypothesis was greater than or less 

Figure 1: Type I error (light blue, bicaudal) and type II error (dark 
orange), with probabilities α and β, respectively; 1 - Type II error 
(dark blue), 1 - Type II error (light orange).
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than that of the null hypothesis rather than simply being 
different.[11]

Choosing realistic values for effect size, SD, and desired CI 
width is a crucial yet often challenging step in sample size 
determination.[1,18] This value is often subjective and should 
be based on clinical judgment, experience, and expertise 
in the specific research area, rather than solely on arbitrary 
conventions or overly optimistic assumptions.[12,15,18] Since 
these parameter values involve assumptions and potential 
guesswork, a practical approach is to perform sample size 
calculations using a range of plausible values to understand 
the impact on the required sample size and aid in selecting 
the most appropriate trade-off given study resources.[19]

SOFTWARE

In recent years, various software programs and websites have 
been developed that can calculate sample sizes for different 
types of studies.[16,18] The support offered by these programs 
varies, as do their interfaces, mathematical formulas, and 
assumptions.[18]

Among these alternatives, R is one of the most popular 
software, because, in addition to being a programming 
language and an environment for carrying out statistical 
analyses, it is freely available as part of the GNU project, 
meaning users are free to run, copy, distribute, study, change, 
and improve the software.[20] R has a basic set of packages 
that provide a substantial collection of useful functions 
for calculating sample size. Its active community of users 
continually extends these functionalities by implementing 
commonly used statistical and computational tasks.[20,21]

Although using R requires some basic computer skills, 
many internet applications have been created with R 
packages that perform various functions related to sample 
calculation, without the need to install the program or 
have programming skills.[22,23] One of these applications 
that have been gaining popularity is power and sample 
size for health researchers (PSS Health), written in R with 
added packages (presize, stats, EnvStats, ICC. Sample 
Size, etc.), which can be used directly in R, with the PSS 
Health package, or through the Internet, through the 
website: https://hcpa-unidade-bioestatistica.shinyapps.io/
PSS_Health.[21,22,24-26]

TYPES OF STUDY

This article presents methods for determining sample size 
in two broad categories: Descriptive studies, which aim to 
describe one or more characteristics of a group using means 
or proportions, and comparative studies, where the objective 
is to analyze and evaluate variables in different subjects to 
detect correlations and relationships [Table 1].

DESCRIPTIVE STUDIES

In descriptive studies, the aim is simply to describe one or 
more characteristics of a group, using means or proportions/
percentages.[11,12] In these studies, the sample size is important 
because it affects the degree of precision of the estimates of 
means and proportions. The minimum clinically expected 
difference in a descriptive study reflects the difference 
between the upper and lower values of an interval and can be 
expressed as a percentage.[12] There are three important uses 
of this type of study: Hypothesis generation, planning, and 
trend analysis.

Table  1: Summary of the main aspects related to the types of 
studies presented in the article.

Study type Estimated 
parameter

Inputs

Descriptive 
studies

Mean ‑ Critical value
‑ Standard deviation
‑ �Width of the confidence 

interval
Proportion ‑ Critical value

‑ �Estimate of the 
proportion

‑ Amplitude of the interval
Comparative 
studies

Two means 
(dependent groups)

‑ Standard deviation
‑ �Critical value for 

significance
‑ Critical value for power
‑ �Range of difference of 

means
Two proportions 
(Chi‑squared or Z 
test based on normal 
approximation)

‑ �Estimations of the 
proportions to be 
compared

‑ Amplitude
‑ Average proportion
‑ �Critical value for 

significance
‑ Critical value for power

ICC (measures 
consistency/
reliability)

‑ �Critical value for 
significance

‑ Critical value for power
‑ Number of evaluators
‑ �ICC value under the 

null hypothesis
‑ �ICC value of the 

alternative hypothesis
Three or more 
independent means: 
Analysis of variance

‑ Means for each group
‑ Standard deviation
‑ Significance level
‑ Power

ICC: Intraclass correlation
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Estimating a mean parameter

Example 1. A radiologist wants to describe the mean 
range of the joint space between the scaphoid and the 
semilunar in a group of patients with connective tissue 
disorders who had wrist radiographs. It is desired that 
the limits of the 95% CI should be no more than 0.1 mm 
above or 0.1 mm below the mean interval. According to 
the literature, the SD of this interval is 0.4 mm.

In the case where the mean parameter is to be estimated, 
the following formula can be used to obtain the appropriate 
sample size:

σ⋅ ⋅
=

2 2

2

(4 )critZ
n

d
� (1)

where n = sample size, Zcrit= critical value (= α
2

Z ), σ = SD 

(being σ2 the population SD), and d = width of the CI; the 
critical value is defined by the researcher [Table 2].[12,27]

Thus, d = 0.2 mm, σ = 0.4 mm, and Zcrit = 1.96. According 
to equation 1, a sample of 61 radiographs from different 
individuals would be sufficient.

In R, we can load the PSS Health package and use the 
following syntax:

presize: prec_mean (mean = 0, SD = 0.4, conf.width = 0.1*2, 
conf.level = 95/100).

To use PSS Health to calculate the sample size for this 
example, the user simply accesses the application’s main 
page and selects the “Averages” tab and the “One sample” 
item. Next, fill in the values shown in this example in the 
fields indicated. The software indicates that a sample of 64 
radiographs would be sufficient.

The difference found between the manual and computational 
methods is due to the fact that the program considers 
the unknown SD and uses the t distribution instead of the 
Z distribution. Similar differences due to this reason are also 
observed in some of the following examples.

Estimating a proportion parameter

Example 2. A researcher wants to estimate the accuracy 
of chest radiographs in diagnosing an adult community-
acquired pneumonia, with a 95% CI for ±10%. Based on a 
previous study, the accuracy is 76%.

To estimate the proportion of a descriptive study, we can use 
the following equation:

⋅ ⋅ −
=

2

2

4 (1 )critZ p p
n

d
� (2)

Equation 2. n = sample size, Zcrit = critical value, p = estimate 
(pre-study) of the proportion to be measured, d = amplitude 
of the interval.[12,27]

If the researcher does not know the expected value, they 
should opt for the worst-case scenario and choose one of 
0.5, given the characteristic of the proportion, which varies 
between 0 and 1. Therefore, d = 0.2, p = 0.8, and Zcrit = 1.96. 
Applying equation 2, we obtain an n of 70.

In R, we can load the PSS Health package and use the 
following syntax:

presize:  prec_prop (P = 76/100, conf.width = 20/100, conf.
level = 95/100, method = “wald”).

To perform this calculation using the PSS Health application, 
go to the main page and select the “Proportions” tab and the 
“One sample” item. Then, fill in the values used in the formula 
above in the fields indicated. The sample size obtained using 
the software was 71.

COMPARATIVE STUDIES

The objective of a comparative study is to analyze and 
evaluate one or more variables in different subjects using 
quantitative and qualitative methods to detect associations, 
correlations, and relationships.

Two means: Two dependent groups

Example 3. A radiologist wants to compare the cross-
sectional area of brain aneurysm using CT and MRI 
scans. Based on the literature, an estimated 5% difference 
is expected between the two methods, with MRI having 
a mean cross-sectional area of 61 mm2 and CT 58 mm2, 
with an SD of 8 mm2. The significance criterion was set at 
0.05, and the power was set at 0.8.

For studies comparing two means, we can use the following 
equation:

σ⋅ ⋅ +
=

2

2

4 ( )crit powZ Z
n

d
� (3)

Equation 3. n = sample size, σ = SD, Zcrit = critical value, 

Table  2: Standard normal deviation (Zcrit) corresponding to 
selected significance criteria.

Significance criterion Zcrit‑value
0.01 2.58
0.02 2.33
0.05 1.96
0.1 1.65
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Zpow = power, d = range of difference of means.[28,29] Zpow can 
be obtained from R using the qnorm () function, in this case 
just type: qnorm(0.8).

Therefore, d = 3, σ = 8, Zcrit = 1.96, and Zpow = 0.842. Applying 
equation 3, we get an n of 77.

In R, we can load the PSS Health package and use the 
following syntax:

stats:  power.t.test (n = NULL, power = 80/100, sig.
level  =  5/100, delta = abs(3), SD = 8, type = “paired,” 
alternative = “two.sided”).

If we choose to perform this calculation using the PSS Health 
application, we simply need to go to the main page and select 
the “Averages” tab, followed by the “Two dependent groups” 
option. Then, we enter the values used in the formula above 
into the indicated fields. The sample size for the software 
was 58.

Two proportions: Two groups

Example 4. A researcher wants to evaluate the 
effectiveness of using artificial intelligence software 
to detect fractures on radiographs in an emergency 
department. According to the literature, the diagnostic 
sensitivity for detecting fractures in conventional 
radiographs is approximately 65%. For this study, two 
sets of radiographs will be selected, one for conventional 
evaluation and one for evaluation with the aid of artificial 
intelligence. The researchers believe that sensitivity will 
increase to approximately 75%, which would justify the 
cost/benefit of this technique. A significance criterion of 
0.05 and a power of 0.8 were chosen.

For studies where two proportions are compared with an 
X2 or Z test, which is based on a normal approximation 
of the binomial distribution, the following formula can be 
used:

 ⋅ ⋅ ⋅ ⋅ − + ⋅ − + − =

2

2

2 2 ' (1 ') 1(1 1) 2(1 2)crit powZ p p Z p p p p
n

d 	
� (4)

Equation 4. p1 and p2 = (pre-study) estimations of the 
proportions to be compared, d = amplitude (p1  -  p2 or 
minimum expected difference), p’ = (p1+p2)/2, Zcrit = critical 
value, Zpow = power.[12,28]

Therefore, p1 = 0.65, p2 = 0.75, d = 10, p’ = 70, Zcrit = 1.96, and 
Zpow = 0.842.

Applying equation 4, we get an n of 658, which will be 
divided into two groups of 329 samples.

In R, we can load the PSS Health package and use the 
following syntax:

EnvStats:  propTestN (p.or.p1 = 75/100, p0.or.p2 = 65/100, 
alpha = 5/100, power = 80/100, sample type = “two sample,” 
alternative = “two sided,” ratio = 1, correct = FALSE, 
warn = FALSE).

To perform this calculation using the PSS Health 
application, we simply go to the main page, select the 
“proportions” tab, followed by the “two independent 
groups” option. Then, we fill in the formula’s values in the 
indicated fields. Using the software, the sample size was 
658, with two groups of 329.

Two or more quantitative measures: ICC

Example 5. Two radiologists want to investigate the 
agreement of their measurements of urinary bladder 
neoplasms in hospitalized patients. They considered 
a significance criterion of 0.05, a power of 0.8, and ICC 
values of 0 under the null hypothesis and 0.5 under the 
alternative hypothesis

The ICC measures the consistency between two or more 
measures, is considered an important indicator of reliability, 
and is commonly used in measures of agreement, both 
intraobserver and interobserver.[29,30] The ICC is a value 
between 0 and 1, in which reliability can be defined as low 
(<0.5), moderate (≥0.5 and <0.75), good (≥0.75 and <0.9), 
and excellent (≥0.9).[31]

The sample size can be calculated using the following derived 
formula:

2

2

2 ( )
1 ,

( ) ( 1)
crit powZ Z k

n
InCo k

⋅ ⋅ ⋅
= +

⋅ −

1 0 ,
1 1

kCo
k
θ
θ

+
=

+

00 ,
1 0

R
R

θ =
−

θ =
−

11
1 1

R
R

� (5)

Equation 5. Zcrit = 1.96 and Zpow = 0.842, k = number of 
evaluators, R0 = ICC value under the null hypothesis, 
R1 = ICC value of the alternative hypothesis.[32]

Using equation 5, a sample of 27 radiographs of different 
lower limbs should be obtained.

In R, we can load the PSS Health package and use the 
following syntax:



Journal of Clinical Imaging Science • 2025 • 15(34)  |  6

Gheno, et al.: Sample size matters: A step-by-step guide for radiologists

ICC Sample Size:  calculate Icc Sample Size (P = 0.5, 
p0 = 0, k = 2, alpha = 5/100, power = 80/100, tails = 2).

In the PSS Health application, simply access the main page 
and select the “Concordance” tab, followed by the “ICC” 
item. Then, fill in the chosen values in the indicated fields. 
The calculated sample size was 28.

Three or more independent means: ANOVA

Example 6. A researcher wants to compare the degree 
of deep tumor invasion in patients with squamous cell 
carcinoma between three different methods, ultrasound, 
computed tomography, and magnetic resonance imaging. 
Based on the literature, the estimated means for the 
ultrasound, CT, and MRI groups are 3.6, 6.1, and 6.1 mm, 
respectively, with an SD of 2 mm. The desired power is 0.8 
and the desired significance level is 0.05.

For studies comparing three or more means, we can use the 
formula:

,n λ
=
∆

2
2

1

1 ( ) ,
k

i
i

µ µ
σ =

∆ = −∑

µ µ
=

= ∑
1

1 ( )
k

j
jk

� (6)

Equation 6. λ comes from Table 3, where we selected powers 
of 0.8 or 0.9 and significance levels of 0.01 or 0.05.[3]

Using equation 6 and Table 3, an n of 10 is recommended for 
each group.

In R, we can load the PSS Health package and use the 
following syntax:

EnvStats:  aovN (mu.vec = c (3.6, 6.1, 6.1), sigma = 2, 
alpha = 5/100, power = 80/100, n.max = 1E5).

In the PSS Health application, simply access the main page 
and select the “Averages” tab, followed by the “One-way 
ANOVA” option. Then, fill in the chosen values in the 
indicated fields. The calculated sample size was 11 for each 
group.

DISCUSSION

This paper presented some relatively simple ways to calculate 
sample sizes in different contexts, using manual and 
computational methods.

The manual methods for calculating sample size presented 
in this article are based on samples that supposedly come 
from a normal distribution.[12,27] This normality can be 

visually assessed using histograms or tested statistically, for 
example, with the Shapiro–Wilk test.[33] In addition, when 
comparing groups, sample size calculations often assume that 
the variance is equal between the groups being compared 
(homoscedasticity).[12,33,34] This assumption is embedded 
in formulas for sample size calculation, such as those used 
for comparing two means, where a single SD is assumed 
to be equal for both comparison groups. The estimated 
measurement variability, represented by this assumed SD, is a 
critical parameter; as it increases, the required sample size to 
detect a specified difference also increases.[11,12]

When we compare the results of the sample calculation 
obtained by manual and computer methods, we notice 
variations in the values in some cases. Small variations can be 
explained by rounding issues, while larger variations may be 
due to how the software implemented the calculations. For 
example, the software may assume a Student’s t distribution 
instead of a normal distribution when the population 
deviation is unknown.[35-38] It should be emphasized that a 
normal approximation to the t-distribution can be poor for 
small sample sizes, potentially leading to an overestimation 
of power or an underestimation of the required sample size. 
It has been suggested that the normal approximation is 

Table  3: Values λ that satisfy the equation 
α λ β− − =2 2

1 , 1( )k kX X
. k=number of groups you want to compare.

1‑β=0.80 1‑β=0.90
k α=0.01 α=0.05 α=0.01 α=0.05
2 11.68 7.85 14.88 10.51
3 13.89 9.64 17.43 12.66
4 15.46 10.91 19.25 14.18
5 16.75 11.94 20.74 15.41
6 17.87 12.83 22.03 16.47
7 18.88 13.63 23.19 17.42
8 19.79 14.36 24.24 18.29
9 20.64 15.03 25.22 19.09
10 21.43 15.65 26.13 19.83
11 22.18 16.25 26.99 20.54
12 22.89 16.81 27.80 21.20
13 23.57 17.34 28.58 21.84
14 24.22 17.85 29.32 22.44
15 24.84 18.34 30.04 23.03
16 25.44 18.82 30.73 23.59
17 26.02 19.27 31.39 24.13
18 26.58 19.71 32.04 24.65
19 27.12 20.14 32.66 25.16
20 27.65 20.56 33.27 25.66
The values in bold were used only to differentiate the two approaches, 
with power between 0.8 and 0.9
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acceptable if the sample size in each arm is at least 30.[15,34] 
The t-distribution is suitable when the sample is small and 
the population SD is unknown, requiring the use of the 
sample SD; the t-distribution, which is wider than the 
normal distribution and depends on the sample size, takes 
this additional uncertainty into account.[17] In addition, when 
performing manual calculations, it is important to retain 
as many significant digits as possible until the last step in a 
sequence of calculations and, when obtaining the result of the 
final step, round up to the appropriate number of digits.[39]

In addition to the variables affecting sample size, there 
are other strategies that can minimize it, such as using 
continuous variables, taking paired measurements and 
expanding of the minimum expected difference. Although 
radiological tests often present binary results with 
categorical answers, it is important to inform researchers 
that continuous variables add more statistical power because 
they incorporate mathematical properties more effectively 
than those related to proportions.[12] With regard to paired 
studies, they are more robust than unpaired studies because 
each measurement is paired with its own control, resulting 
in lower SD.[6,10,12] As for expanding the minimum expected 
difference, this can be increased in some cases, especially in 
preliminary studies used as the basis for larger studies.[12]

Other aspects of the study design that could be considered 
pitfalls can affect the sample size. These include correlated 
data and prospective studies. In the former, more than one 
observation is taken per patient. These observations of 
the same subjects are not statistically independent and are 
considered correlated. This requires a different approach 
to correctly calculate the sample size.[6,40] In the second 
case, researchers must consider the dropout rate. A  large 
discrepancy between the calculated and obtained samples 
can distort the analysis and generalization of the results. This 
rate can be obtained from previous studies in the literature or 
by adjusting the sample calculation.[14,18,41]

In situations where it is not possible to achieve the minimum 
sample, either for economical or ethical reasons, other 
alternatives can be recommended, such as reducing the scope 
of the study (for example, keeping more factors fixed) or 
proposing it as part of a sequence of studies.[1,42] In the event 
of doubts or, above all, when evaluating more complex cases, 
close and honest collaboration between the researcher and 
the statistician becomes imperative.

R software is increasingly preferred over other tools such 
as GPower, Stata, Statistical analysis system (SAS), and the 
Statistical Package for the Social Sciences (SPSS) for several 
reasons. While GPower is highlighted as an easy-to-use and 
free tool specifically designed for sample size and power 
calculations across various statistical tests, it is not a complete 
statistical software like the others.[14] Other software such as 
SAS, SPSS, or STATA, because they are paid for and have 

proprietary codes, have a smaller community of users and 
developers, affecting the sharing of knowledge, innovation, 
testing, and feedback. R  is presented as a more flexible 
and powerful programming language and environment. 
The open-source nature of R makes it freely available and 
supported by a large community of professionals and 
academicians who contribute to its extensive collection of 
well-documented packages and functions. This package 
system allows R to be tailored to meet individual statistical 
needs and offers extensive integration with complex 
statistical approaches. R facilitates the modeling of complex 
situations and integration with primary data analysis and 
is particularly well-suited for computationally intensive 
statistical and mathematical methods such as simulation 
analysis, Bayesian inference, and advanced parameter 
estimation techniques. Furthermore, R offers advantages in 
documentation, transparency, automation, troubleshooting, 
and reproducibility (as code can be easily shared and rerun) 
and provides superior graphing capabilities for creating 
publication-quality figures. These combined attributes, 
particularly its flexibility for integrating various stages of 
research from data analysis and modeling to simulation 
and reporting within a single environment, contribute to R’s 
increasing popularity, being described as the fastest-growing 
software in some areas of health research.[16,20,22]

Sample size calculations are rarely reported by clinical 
investigators for diagnostic studies, including diagnostic 
accuracy studies and agreement studies in radiology. Instead 
of following a formal calculation process, sample size is 
often determined arbitrarily or based on convenience and 
available resources such as limitations in patient volume, 
research time, or money.[43] The clinical implications of 
inadequately sized studies are considerable and raise 
significant ethical concerns. Underpowered studies, that 
have too few participants, have a high risk of a Type II error 
(false negative). This can lead to the erroneous conclusion 
that no difference exists when one is merely hidden by the 
small sample size. Such studies can expose participants 
to potential risks or inconveniences without a sufficient 
probability of generating meaningful findings, representing 
a waste of valuable resources.[1,12,18] Conversely, overpowered 
studies, by enrolling more participants than necessary, can 
find statistically significant differences that are not clinically 
important. This risks misdirecting clinical practice based 
on trivial findings. They can unnecessarily expose more 
individuals to study interventions (which may carry risks 
or involve withholding a potentially beneficial treatment), 
and they consume resources that could be better used 
elsewhere.[1,15,18]

The study’s limitations include the absence of Bayesian 
method for sample size calculation. This method explicitly 
incorporates prior information about the parameter of 
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interest through a prior probability distribution.[36] By 
integrating this prior information with the potential data 
that could be observed (through a predictive distribution), 
Bayesian approaches can lead to sample size criteria based 
on concepts like the average coverage probability or average 
length of credible intervals over all possible data sets, weighted 
by the predictive distribution. This more comprehensive 
and efficient use of prior information is often cited as the 
reason why Bayesian sample size estimates frequently suggest 
smaller sample sizes compared to corresponding frequentist 
estimates.[36,44] Implementing these Bayesian sample size 
criteria typically requires numerical methods because closed-
form analytical solutions are often unavailable. Monte Carlo 
simulations are a commonly used technique for this purpose, 
which involves generating multiple sets of hypothetical 
data according to the predictive distribution (which is 
derived from the prior information and proposed sample 
size).[36,44,45] There were also no approaches to calculating 
sample size in studies involving the receiver operating 
characteristic curve due to its complexity.[6] Furthermore, of 
the numerous statistical software programs available, only R 
and applications that depend on it were analyzed, based on 
its characteristics, which have already been mentioned.

CONCLUSION

In summary, we have described various methods for 
calculating sample size, including manual and computational 
approaches that are straightforward and quick to implement. 
We have also outlined the primary factors influencing the 
results and strategies for optimizing them. Future studies 
could address more advanced sample size techniques in a 
way that is understandable to professionals from different 
backgrounds who need this knowledge to properly design 
their projects.
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