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An adequate sample size is a prerequisite for any 

research study.1 Sample size justification is required to 

be considered from both scientific and ethical points of 

view.  A smaller sample size than required may result 

in “underpowered study” with questionable reliability 

or reproducibility, and not detecting results that are in 

fact important. A larger sample size than required 

consumes unnecessary resources and may also lead to 

questionable statistically significant result for a tiny 

different deviation even though it is not practically 

important.1–3 

In this paper, we will focus on sample size calculation 

for a descriptive survey. Survey is generally a 

descriptive cross-sectional study design to describe 

certain phenomena in population of interest; (e.g., 

prevalence of back pain among office workers, mean 

depression score among cancer patients). However, 

survey can be an analytic cross-sectional study design 

with the specific objective to assess the association 

among variables or to compare a variable between 

groups (e.g., association between smoking and lung 

cancer, association between depress score and quality 

of life score). 

Sample Size for Descriptive Survey 

Main objective of a descriptive cross-sectional study is 

to “estimate” population characteristics, so-called 

“parameter”. The classic formula for sample size 

calculation of a descriptive study depends on the types 

of parameter to be estimated, categorical data 

(prevalence, proportion, percentage) or continuous 

data (mean/variability). 

For categorical data 

  

For continuous data 

  

There are three basic elements in both formula that 

are required. 

Expected Value of the Parameter 

In sample size calculation, you need to input the 

expected value of the parameter that you want to 

estimate. The expected value is a proportion (p) for 

categorical data or mean and standard deviation (, ) 

for continuous data. This expected value is typically 

based on “priori information” which could be obtained 

from previously published studies, pilot study, or 

expert opinion.  

Confidence Level / Interval (CI) 

CI refers to the percentage of all possible samples that 

can be expected to include the true value of the 

population parameter that you attempt to estimate. CI 

is typically set up as 95% or higher. The CI relates to 

the value of the area under curve (Zα/2). When setting 

up CI=95%, the Zα/2=1.960; and when CI=99%, the 

Zα/2=2.576. The higher the CI, the larger Zα/2 and 

consequently the larger the sample size.  

Precision or Margin of Error (d) 

As different samples from the same population would 

give different estimates of the true value, thus the 

estimate of the true value is generally inferred with 

some margin of error or precision. The terms, 

“precision” and “margin of error”, are opposite to one 

another. Margin of error expresses the maximum 

expected difference between the true population 

parameter and a sample estimate of that parameter.4 

Setting up the lower the margin of error would lead to 

the higher the precision (reliability) of the estimate. 

The higher precision (the lower margin of error), the 

larger sample size. It is a challenging issue to select 

the precision level which may be quite subjective, 

depending on the objective and nature of the survey.1,5,6 

The precision can be set up as “absolute precision” or 
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“relative precision”.  Absolute precision is simply set by 

specifying the exact value of the margin of error or the 

absolute uncertainty of the estimated parameter. For 

example, based on a study elsewhere the prevalence of 

tuberculosis (TB) is 20%; and in your survey, you 

simply set up 10% as the absolute margin of error, that 

means the you expect the prevalence is to be estimated 

with an uncertainty of 10% on either side of the 

estimate (between 10–30%). Relative precision is set 

corresponding to the priori information of the estimate. 

For example, based on a study elsewhere the 

prevalence of TB is 20% and you set up a relative 

margin of error for the current survey as 10% of the 

previous estimate (10% of 20%=2%), that means you 

expect the prevalence is to be estimated with an 

uncertainty of 2% on either side of the estimate 

(between 18–22%). 

In a certain situation when samples are drawn from a 

finite (limited and small size) population, the formula 

for sample size calculation can be adjusted by taking 

into consideration the size of the population under 

survey.6 For example, if you want to get a certain 

estimate form the 100 specimens archived in the 

hospital laboratory, the population size in this case is 

limited to only N=100 specimens, not the “population 

at large” or infinite population. The formulas for 

sample size of finite population are: 

For categorical data 

  

For continuous data 

  

Non-responses in Survey 

The calculated sample size is the minimum number 

that you should have at the end of the study in order 

to obtain the parameter estimate with the precision 

and CI that you proposed. However, when conducting 

a survey, you will unlikely get the responses back from 

all potential participants that you attempt to recruit, 

and responses from some participants may be 

incomplete. Such non-response is a potential source of 

bias. Securing a high response rate to a survey can be 

hard to control, particularly in a postal survey, but still 

difficult for a face-to-face or telephone interview.7 The 

non-response rate is usually unknown and 

unpredictable; it may be based on previous experience 

or a pilot study.3 It is suggested in literature that 

achievable and acceptable rate for a survey study 

should be around 75% for interviews and 65% for self-

completion postal questionnaires.7 If p is the 

proportion of non-responses, the number of sample size 

must be increased by a factor of (1 − p). 

 nadjusted = n / (1 − p) 

Sampling Techniques  

Simple Random Sampling vs. Cluster Sampling 

Sampling refers to the process of choosing samples 

from a total population.  We can classify sampling 

methods into 2 types: probability vs. non-probability 

sampling.4 Probability sampling includes methods that 

are based on two concepts: (1) equal probability of 

selection, everybody in the population has equal 

chance of being selected, and (2) proportionate to size, 

the proportions of the sample subgroups reflect the 

proportions within the population subgroups. Non-

probability sampling is based on the concept of 

relevancy or representativeness of the samples to the 

population of interest.  Survey sampling is usually 

based on probability sampling technique.4 The goal of 

a probability sampling technique is to minimize the 

sampling error of the parameter to be estimated.8 

Simple Random Sampling (SRS) 

SRS is a probability sampling with equal probability of 

selection approach which can be done with or without 

replacement. Usually, the SRS is conducted without 

replacement because it is more convenient and gives 

more precise results.8 The sample size formula 

presented above are for SRS survey. With a large 

enough sample size, SRS has high external validity as 

it represents the larger targeted population.9,10 If you 

want to estimate the parameter of interest in different 

subgroups or strata (say by gender, age, geography, 

etc.), given using the same priori information and level 

of precision for all stratum, you can simply multiply 

the sample size calculated from SRS by the number of 

strata.5 

Cluster Sampling (CS)  

Sometimes it is too expensive to draw samples that 

spread out over a large geographic area. It may be 

much more practical and reduce costs to conduct a 

survey employing CS that the participants will be 

randomly selected within only the selected areas—so-

called “clusters”.11 CS divides the population into 

clusters. A number of clusters are then selected 

randomly to represent the total population, and all 

eligible participants within the selected clusters are 

included in the survey. If not all, but some participants 

are randomly selected within the selected clusters, it is 

called multi-stage sampling technique.8 Figure 1 

presents the differences between simple random 

sampling and cluster sampling. 
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Figure 1. Simple random sampling vs. Cluster sampling 

Effect of Clustered Samples in Cluster Sampling Survey 

Clustered samples generally refer to surveyed 

participants who are physically grouped in 

geographical locations (villages, districts, provinces), 

but they may also refer to a group of participants 

within a shared relationship such as within a 

clinic/hospital. There might be more than one level of 

clustering. For example, a group of villagers is 

 

clustered within (i.e., get accessed to) a sub-district 

health facility, and a set of sub-district facilities are 

clustered in the same district, while different districts 

may possess different types of resources or 

surrounding conditions. Or, patients are seen by 

(clustered within) the same doctor, while doctors are 

working the same hospital, and different hospitals 

may have different resources and quality (Figure 2). 

 
Figure 2. Cluster levels 

Cluster samples violate the SRS assumption of 

independence of observations as they reside in and share 

the same environment or settings. The observations 

within the same cluster may potentially be similar to one 

another than observations across clusters.12 Similarities 

among participants in a cluster can reduce the variability 

of observations. This leads to a statistical concept 

called—the intra-cluster correlation (ICC), ρ (“rho”)—

such that there might be variation across clusters more 

than variation within clusters. That is, ICC reflects a 

measure of the relatedness of clustered samples.  It 

accounts for the relatedness of clustered samples by 

comparing the variation of observations (variance) 

within clusters (S2
w) with the variance between 
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clusters (S2
b).11,12 Similar to the process of comparing 

the between and within group variances in analysis of 

variance (ANOVA), the ICC is calculated by dividing 

the between-cluster variation by the total variation of 

the variable to be estimated.13,14 

  ICC (ρ) = S2
b / (S2

b + S2
w) 

Like other correlations, ICC value ranges between 0 to 

1. Figure 3 shows theoretical quantity where ICC=1 

when all observations (Ys) within a cluster are identical 

(Figure 3(a)). ICC will be smaller when the variance 

within cluster S2
w is much greater than the variance 

between clusters S2
b.  When there is no correlation of 

observations within a cluster, ICC=0 (Figure 3(b)).11,14 

 

Figure 3. Intra-cluster correlation (ICC) with hypothetical scenarios 

In other words, ICC tells you the degree of similarity 

between participants belonging to the same cluster; If 

it is 0, there is no evidence of clustering effects in the 

observations. If the ICC is approaching 1, then there is 

a clustering effect. Failure to take into consideration of 

ICC when designing CS survey might result in an 

under-powered study. ICC and cluster size (average 

number of observations to be sampled within a cluster) 

are thus used as part of “design effect” in sample size 

calculation for CS survey.12 The difficulty is what 

should be the level of ICC to be input in the sample size 

calculation.  We can calculate ICC by a post-hoc 

examination of the study results from previous studies 

that have used CS, but this has been rarely reported in 

the published works.12 ICC generally varies 

corresponding to the parameters being estimated and 

the type of clustering, However, it was suggested in 

literature that ICC value are commonly set at ranges 

between 0.005–0.30.12–14 

Design Effect in Descriptive Survey 

Design effect (D) is a measure for the relative efficiency 

of the estimated parameter under a sampling 

technique employed in the survey. In other words, D is 

a constant used to correct for the effect (i.e., sampling 

error (SE)) of clustering and stratification on the 

estimated parameter.15 In this case, the SE can be 

defined as the difference between study result and 

population value due to random selection of sample. It 

should be noted that SE is not the “bias” of the study 

because it can be predicted, calculated, and accounted 

for; and SE is influenced by sample size and sampling 

technique employed in the survey.15 Thus, when taking 

into consideration of clustered observations, the D 

should be applied to adjust for the efficient sample size, 

particularly in CS survey.  

nadjusted = n x D 

In CS survey, you start with sample size calculation 

using the formula for SRS method and follow by 

accounting for the D.16 The sample size will increase or 

decrease by D. When D=1, it means no effect of sample 

design on SE.  If D >1 then sample design inflates the 

SE of the estimate while D <1 reduces the SE.13 As 

suggested in literature, there are several ways in 

determining the design effect.5,14,17  

Variance (Standard Error) Difference  

D is defined as a ratio between the variance of the 

parameter to be estimated under CS method vs. the 

variance of the same estimate under SRS method. In 

this approach you need to have the known variances 

(S2) which may be obtained from previous survey 

experiences. If not known, as a rule of thumb, D is 

typically set at 1.5, 2 or 2.5. 

D =  
S2 (Variance or Standard Error) of the designed sampling method

S2 (Variance or Standard Error) of simple random sampling
 

Example 

Adapted from a cross-sectional survey that was 

designed to determine prevalence of HIV among 

people who use drugs.18  In the sample size 

calculation, the following elements were set: (1) 
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population size—the estimated people who used 

drugs (PWUD) in the study areas, N=13,000; (2) 

priori information—the estimated HIV prevalence of 

3.5%, p=0.035, based on national report in recent 

years; (3) absolute margin error of 1.5%, d=0.015; (4) 

CI=95%. With the formula for sample size 

calculation for finite population SRS sampling 

survey, the sample size=553. For sample size 

adjustment, additional elements were set: (1) the 

design effect of variance difference, D=2.0, based on 

previous surveys, and (2) the expected non-response 

rate: 20%. The minimum sample size required in the 

survey=(553 x 2 /0.8)=1,383. According to the 

sampling plan, the total number of sample size was 

stratified by study sites in 21 locations, making it 

roughly 15% of the estimated PWUD in each site. 

Variance Inflation Factor 

In this approach, the design effect gives the increase 

in the variance arising from the clustering size 

(average cluster size, m) and the mean (µ) and 

standard deviation (sd) of the parameter to be 

estimated across clusters. The mean and sd may be 

based on previous studies/experiences. The 

coefficient of inflation variation is the ratio of the sd 

to the mean across all possible clusters, α=sd/μ).  As 

the result, the D will be big if there are large clusters 

(big m), the clusters are very different (big α) and/or 

the parameter to be estimate is high (big µ, high 

prevalence). 

D = 1 + mα2µ 

Example 

Adapted from a cross-sectional survey that was 

designed to determine TB prevalence at national 

level.19 In sample size calculation, the following 

elements were set: (1) priori information based on 

previous reports—the expected prevalence of 

TB=483/100,000, p=0.00483; (2) relative precision of 

25%=0,00483 x 0.25, d=0.0012075; (3) CI=95%.  With 

the formula for SRS sampling survey, the sample 

size=12,675. With the plan for cluster sampling, the 

design effect was based on variance inflation 

formula, D = 1 + mα2µ.  With the targeted 42 clusters 

across the country, the cluster size, m=12,675/42 ≈ 

302. The sd or variation of TB prevalence across 

clusters was assumed to be ±40% of the average 

value, thus α ≈ 0.4. With the prevalence of TB, 

µ=0.00483. then D = 1 + 302  x 0.42  x 0.00483=1.23 

(the design effect increased the variance by 23%), 

The sample size required for this survey was 

approximately 12,675 x 1.23=15,590. 

 

Intraclass Correlation Approach 

Another popular variance inflation factor, D is 

accounted for cluster size (average number of 

participants per cluster, m) and ICC (ρ). 

D = 1 + (m−1) ρ  

Example 

Adapted from a cross-sectional study with the 

purpose to determine the use of physical restraints in 

nursing home.20 The primary sampling unit of study 

were 103 nursing homes. In sample size calculation, 

the following elements were set: (1) priori information 

based on previous studies as well as consensus among 

5 experts in the field—prevalence of physical 

restraints of 25%, p=0.25; (2) absolute margin of error 

of 6%, d=0.06; (3) CI=95%. With the formula for SRS 

sampling survey, the sample size=200. The sample 

size was adjusted for design effect by assuming: (1) 

ICC=0.08 according to the result from a similar study, 

and (2) mean cluster size (#participants/home)=68. 

The design effect, D= + (m−1) x ICC=1 + (68–1) x 

0.08=6.36. With cluster design effect, the required 

sample size=6.36 x 200=1,272 residents.  With cluster 

size of 68, overall 19 (1,272/68) out of 103 nursing 

homes were randomly selected to participate in the 

study. 

Conclusion 

To answer “How many participants do I need in my 

survey?” or “What should be my sample size?” depends 

on your study objective, type of parameter, sampling 

technique, design effect, and non-response rate. Plus 

two more important issues that are not discussed here 

—the costs/resources (man & money) and logistics 

(management) to conduct your survey. 
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