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Abstract
Sample size determination plays a crucial role in ensuring the validity and precision of research findings. This paper reviews the concept, rationale, and application of the sample size formula for estimating the mean of a population. It outlines the theoretical foundation, practical calculation steps, and appropriate contexts for its use in descriptive and estimation-based studies. This formula is often overlooked, as many researchers focus primarily on hypothesis testing frameworks rather than estimation approaches. Although it is a classical method, it remains highly relevant and essential in contemporary research. Therefore, this paper highlights the importance of this formula across various research settings and provides detailed guidance on how to compute the required sample size accurately. By doing so, it aims to support proper sample size planning, strengthen research design validity, and ultimately enhance the quality and credibility of scientific investigations.
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INTRODUCTION
Determining the appropriate sample size is a fundamental aspect of research design as it directly influences the reliability and precision of study findings [1]. One of the earliest and simplest approaches in sample size estimation is the formula for determining the mean of a population. This classical method predates the development of more complex statistical analyses such as the independent sample t-test, paired sample t-test, and one-way analysis of variance. Unlike sample size calculations for hypothesis testing, which focus on detecting differences between groups or effects of interventions, the sample size to determine a population mean primarily serves to achieve a desired level of accuracy and precision in estimating the true mean [1,2].
Despite being one of the oldest and most straightforward sample size formulas, its application is rarely seen in contemporary research literature. One possible explanation is that probably most modern studies place greater emphasis on inferential and modeling techniques aimed at hypothesis testing rather than estimation. As a result, this fundamental approach to sample size determination intended purely for estimation accuracy has been somewhat overlooked, even though it remains highly relevant in studies where the goal is to describe or estimate a parameter rather than to compare or predict.
Therefore, this article aims to review and discuss the concept and application of the sample size formula for determining the mean of a population. It emphasizes when and how this formula should be appropriately applied, especially in descriptive and estimation-based studies. By revisiting this essential yet underutilized approach, the paper seeks to highlight its continuing importance in research methodology and to promote a deeper understanding among researchers of how accuracy-driven sample size estimation contributes to robust and credible scientific findings.

CONCEPT AND CALCULATION
The purpose of determining the sample size to estimate a population mean is to ensure that the sample mean (x̄) provides a sufficiently accurate estimate of the true population mean (μ). Unlike hypothesis testing, which aims to detect significant differences or relationships, this approach focuses purely on estimation accuracy. In estimation, the key concern is how close the sample mean is to the population mean. This closeness is measured by the margin of error (E), which represents the maximum acceptable difference between the estimated mean and the true mean.
The smaller the margin of error desired, the larger the required sample size. This concept is rooted in the central limit theorem (CLT), which states that the sampling distribution of the sample mean approximates a normal distribution when the sample size is sufficiently large, regardless of the shape of the population distribution. Hence, the variability of the sample mean (its standard error) depends on the population standard deviation (σ) and the sample size (n) [2,3]. The general formula for determining the sample size to estimate a population mean is:

(1)
n=Zα/2σE2

where n = required sample size, Zα/2 = Z value corresponding to the desired confidence level (for example, 1.96 for 95% confidence), σ = population standard deviation (or an estimated standard deviation from a pilot study), E = desired margin of error (the maximum acceptable difference between the sample mean and the true mean).
For example, if a researcher wants to estimate the average systolic blood pressure in a population with a 95% confidence level, assuming a standard deviation (σ) of 15 mmHg and a margin of error (E) of 2 mmHg, the required sample size would be:

(2)
n=1.96×1522=(14.7)2=216.09

Thus, at least 217 participants would be needed to estimate the population mean systolic blood pressure within ±2 mmHg of the true mean with 95% confidence.
Setting the confidence level (α)
The confidence level determines how certain researchers want to be that the sample mean will fall within the specified margin of error (E) from the true population mean. It is expressed as 1 – α, where α is the probability of making a Type I error (rejecting a true value). The most commonly used confidence level is 95%, corresponding to α = 0.05, which gives a Zα/2 value of 1.96.
A 95% confidence level means that if the same study were repeated many times, 95% confidence intervals (CI) calculated from those samples would contain the true population means. Some studies, especially those involving high precision such as clinical or laboratory-based measurements, may adopt a 99% confidence level (α = 0.01, Zα/2 = 2.58). Choosing the confidence level involves balancing precision and practicality. A higher confidence level provides greater assurance in the results but increases the required sample size. As a common guideline, a 95% confidence level is widely acceptable.

Determining the population standard deviation (σ)
The population standard deviation (σ) reflects the variability of the measurement within the target population. The ideal approach for estimating σ is to refer to values reported in the literature. Since σ is rarely known beforehand, it is usually estimated from a pilot study, previous research, or an estimated guess by experts [1].
Conducting a pilot study allows researchers to estimate the standard deviation based on real data from the intended population. This approach provides not only practical but also feasible results [1]. When pilot data are unavailable, researchers may refer to similar studies conducted among comparable populations. However, it is important to ensure that the population characteristics, measurement tools, and study settings are closely aligned with the current research [1,3,4]. In a worst-case scenario, researchers can use a conservative (larger) standard deviation to ensure the calculated sample size is sufficient. This approach prevents underestimation, which could result in inadequate precision [1].
Using pilot studies to estimate parameters for power calculation is not favored in some research settings [5-7]. However, the dilemma is that researchers can only determine the true standard deviation once recruitment is completed and the data have been analyzed. Moreover, identifying an appropriate estimate of the standard deviation from the literature that accurately reflects the same patient characteristics and study scope can be challenging. Besides that, an educated guess may either overestimate or underestimate the value. Obtaining the standard deviation from a pilot study provides a more feasible basis, and this approach is supported by the CLT [7,8]. Therefore, this study proposes that researchers add an additional 1% to 2% to the standard deviation estimated from a pilot study to minimize the risk of underestimation. The accuracy of σ is crucial because the sample size increases proportionally with σ². Consequently, an inaccurate or underestimated σ may result in an insufficient sample size and unreliable estimates.

Setting the desired margin of error (E)
On the other hand, the margin of error (E) represents the maximum acceptable difference between the sample mean and the true population mean. It directly reflects the precision that researchers aim to achieve. In other words, smaller margins of error indicate researchers aim to provide more precise estimates, but eventually require larger sample sizes to prove it.
The choice of margin of error should be guided by proper consideration. The ultimate reason is based on clinical or practical relevance [1,3,4]. In clinical research, the margin of error should reflect the smallest difference that is meaningful or clinically acceptable. For example, when estimating the mean glycated hemoglobin (HbA1c) level for a population, what would be the reasonable margin of error in this case? Well, the clinical and practical relevance are actually associated with the measurement scale of the variable (ie, HbA1c) and feasibility considerations such as cost, time, and resources. Let us first discuss the aspect of the measurement scale.
The measurement scale for HbA1c is relatively narrow, feasibly ranging from approximately 3.0% to 20.0%, with the majority of healthy individuals falling between 5.0% and 6.0% [9,10]. A small change of 1%–2% in HbA1c can shift an individual’s classification from normal to abnormal. Therefore, setting a margin of error of 5% would be unreasonable in this context. For example, if the population mean HbA1c is 6.0% with a 5% margin of error, the 95% CI would range from 1.0% to 11.0%, which is clinically unrealistic, spanning values associated with hypoglycemia, normal glucose levels, and severe hyperglycemia. This highlights why a margin of error of 1%–2% is more appropriate for HbA1c measurements. In contrast, for physiological parameters with a wider measurement range, such as systolic blood pressure (approximately 70–200 mmHg), a 5% margin of error is acceptable and meaningful.
Therefore, the margin of error should be set at a reasonable level, neither too wide that it compromises the accuracy and interpretability of the findings, nor too narrow that it imposes an unnecessary burden on researchers by requiring an excessively large sample size. In practice, determining an appropriate margin of error can be somewhat arbitrary. As a general rule of thumb, allowing a deviation of approximately 5% from the estimated mean (x̄) is reasonable. For example, if x̄ = 100, the margin of error can be set at 5 units (ie, 5/100 × 100 = 5). Meanwhile, if x̄ = 7, the corresponding 5% margin of error would be 0.35 units (ie, 5/100 × 7 = 0.35).


DISCUSSION
Next, the review discusses the potential applications of this formula in scientific studies, with the aim of guiding researchers on when to appropriately apply it in their research. At least, there are seven possible scenarios discussed in this paper.
Application in estimating baseline data
A common application of this formula is in estimating baseline data, which represent the initial measurements before any intervention, exposure, or treatment. For instance, in clinical research, determining the mean blood pressure, HbA1c level, or blood markers among patients either with or without prior therapy provides essential information about their initial health status [11–13]. By applying this formula, researchers can ensure that the baseline estimates truly represent the population under study. Accurate baseline data not only improve the validity of subsequent analyses but also facilitate meaningful comparison across time or treatment groups [11,12]. Insufficient sample size at this stage could lead to unstable or biased baseline estimates, which would compromise the interpretation of intervention effects.

Application in establishing normative data
Another key application is in generating normative or reference data, which serve as benchmarks for interpreting individual or patient measurements [14,15]. This is particularly important in clinical, biomedical, and psychological research. For example, determining the mean fasting blood glucose or hemoglobin concentration in healthy adults helps establish normal reference ranges [16,17]. Applying the sample size formula ensures that these reference values are derived with adequate precision. Such normative data are essential for diagnosis and decision-making, as deviations from the norm can indicate disease or dysfunction [18]. Therefore, the accuracy of normative data directly depends on the appropriateness of the sample size estimation.

Application in quality control and process evaluation
The same principle applies in quality control studies, where researchers or practitioners aim to monitor and evaluate the average performance of a process [19]. For example, in clinical laboratories, this formula can be used to estimate the mean concentration of a reagent or the average yield of a manufactured product within an acceptable error range [20]. Ensuring that the mean output lies within tolerance limits is vital for maintaining reliability and compliance with standards.

Application in environmental and population health monitoring
In environmental and public health research, accurate estimation of mean values is critical for surveillance and policy decisions [21,22]. The formula can be used to estimate the mean concentration of pollutants, nutrients, or contaminants such as PM2.5 in air or heavy metals in water [23]. A properly determined sample size ensures that these environmental estimates are representative of actual population exposure levels, reducing uncertainty in health risk assessments.

Application in instrument calibration and measurement validation
In biomedical engineering or diagnostics, this formula is useful in assessing the accuracy and precision of instruments [24]. When validating a new device, such as one used to measure weight, researchers often need to estimate the mean reading under standardized conditions [25]. By determining the sample size using this formula, they can ensure the average reading reflects the true performance of the instrument within a desired level of precision.

Application in cost-effectiveness and resource planning
Healthcare and management studies often require the estimation of mean costs, service utilization, or duration. For example, estimating the average cost per patient or the average length of hospital stay helps planners make informed decisions about budgeting and resource allocation [26]. Applying this formula ensures that such averages are reliable and useful for strategic or policy-level decision-making.

Application in exploratory and early-phase research
In early or exploratory studies where no formal hypothesis has been developed, researchers may simply wish to understand the central tendency of a new variable, such as a novel biomarker and physiological parameter [27,28]. The formula provides a structured way to determine an adequate sample size to estimate the mean with confidence. The resulting data can guide further hypothesis-driven research and model development.


IMPORTANT NOTES
Out of the seven scenarios discussed, some can directly apply the formula for estimating a population mean in the study proposal or protocol, particularly when the primary objective is to determine the mean value of a variable in a population. An example includes determining reference parameters, such as blood biomarkers or genomic markers, in specific or healthy populations. However, other scenarios may not require this formula to be stated in the sample size justification, especially when the primary interest lies in hypothesis testing, such as comparing mean differences, examining associations, or evaluating diagnostic accuracy.
For instance, when calibrating instruments to assess agreement for a numerical variable, researchers should use a sample size formula based on the intra-class correlation coefficient. In such cases, the formula for estimating a population mean may serve as a secondary approach to assess the instrument’s precision in estimating true values. A similar principle applies in cost-effectiveness and resource-planning studies. When the primary focus is hypothesis testing (eg, comparing cost outcomes between groups using an independent-samples test), the corresponding hypothesis-based sample size formula should be used. Nonetheless, the formula for estimating a mean can still be valuable for determining the minimum number of participants needed to estimate key continuous outcomes such as cost or length of hospital stay with adequate precision.

PRACTICAL SCENARIO
Now, let us discuss the implementation of the sample size formula to determine the mean for a population. Say a researcher aims to determine the mean fasting blood glucose level among healthy adults in a specific population to establish normative (reference) data. The population is defined as healthy adults above 18 years old in a specific district, Kuching (one of the districts in Sarawak, Malaysia). The objective is to estimate the average fasting blood glucose level (in mg/dL) with a 95% confidence level, ensuring that the sample mean does not differ from the true mean by more than ±5 mg/dL. The steps for sample size calculation are guided by a guideline introduced in a previous study [1];
Step 1. To understand the objective of the study; Determine the formula
The goal is to estimate the population means with an acceptable level of accuracy rather than to test a hypothesis.
Step 2. To decide the appropriate statistical analysis
Hence, the sample size formula for estimating a mean is used.
Step 3. To estimate of calculate the sample size; Apply the formula
• Alpha (α) = 0.05; thus, confidence level (1 – α): 95% → Zα/2 = 1.96
• Estimated population standard deviation (σ): Say from a previous study, the standard deviation of fasting blood glucose in healthy adults is about 12 mg/dL
• Desired acceptable margin of error (E): 5 mg/dL
Based on calculation, n = 22.13 ≈ 23
Thus, the required minimum sample size is approximately 23 participants.
Step 4. To provide additional allowance to cater for the possibility of a nonresponse rate
In real research, it is advisable to inflate the sample size to account for possible missing data or measurement errors. If a 10% nonresponse or unusable data rate is anticipated: 25/0.9 = 27.8 ≈ 28
Step 5: To write the sample size statement
The sample size for this study was determined based on the five-step approach recommended in a previous study [1]. As the objective was to estimate the population means with acceptable precision, the formula for estimating a single population mean was selected. The required parameters were specified, such as a significance level of α = 0.05 (95% confidence level), an estimated population standard deviation (σ) of 12 mg/dL obtained from a previous study, and a desired margin of error (E) of 5 mg/dL. Applying these inputs yielded a minimum required sample size of 22.13 or 23 participants. To allow for a 10% potential nonresponse or incomplete data rate, the calculated sample size was adjusted to 25.56, which was rounded up to 27 participants.
Explanations
A minimum sample size of 27 participants is sufficient based on the initial calculation. This estimation assumes that the study population is homogeneous, meaning that biological characteristics such as sex, age, and ethnicity do not significantly influence fasting blood glucose levels. However, this assumption must be justified with scientific evidence. If there is reason to believe that these characteristics may affect the outcome, researchers should adjust the sample size accordingly.
If such characteristics (eg, age, sex, and ethnicity) are expected to influence the measurements, the population may be divided into distinct subgroups. For example, using three age categories (18–45 years, 46–60 years, and >60 years), two sex groups (male and female), and three ethnic categories (Malay, Chinese, and other Sarawakian ethnic groups), a total of 18 strata would be created (3 × 2 × 3). In this case, a minimum of 27 participants per stratum would be required, resulting in a total sample size of 27 × 18 = 486 participants. Conversely, if evidence suggests that ethnicity does not influence fasting blood glucose levels, stratification may only be required for age (three categories) and sex (two categories), resulting in six strata. In this scenario, the total sample size would be 27 × 6 = 162 participants, with a minimum of 27 individuals in each stratum.
The previous calculations are correct based on a desired margin of error of 5 mg/dL. A larger sample size is required if a smaller margin of error is applied. For instance, reducing the margin of error from 5 mg/dL to 1 mg/dL increases the sample size from 23 to approximately 553.2, or 554 participants after rounding, before accounting for a 10% nonresponse rate. This reflects the principle that higher precision requires a substantially larger sample size. This rationale is supported by previous research, which suggests that estimates derived from sample sizes exceeding 500 participants are generally accurate in representing population parameters [29,30].
Overall, researchers must clearly define the scope and objectives of the study and determine whether stratification by specific characteristics is scientifically warranted. It is also important to recognize that the sample size formula provides the minimum number of participants needed to achieve adequate precision. However, the approach used to obtain this sample, including the recruitment strategy and sampling technique, is a separate methodological consideration that should be carefully planned to ensure validity and feasibility.


RELEVANCE IN MODERN RESEARCH
Although this formula originates from classical statistical theory, it remains highly relevant in contemporary research practice. Its applications extend beyond traditional descriptive studies, where precise estimation of a mean is critical. Despite its broad utility, this formula is often overlooked in modern research because many studies prioritize hypothesis testing as their primary objective rather than precise parameter estimation. As a result, researchers tend to focus predominantly on p-values, which may lead to biased interpretation if not evaluated within the proper statistical context [31,32]. Understanding when and how to apply sample size estimation for mean estimation ensures more reliable conclusions, especially in studies where establishing accurate baseline values or reference ranges is essential.

CONCLUSIONS
This formula continues to serve an essential role in diverse applications. By determining an appropriate sample size based on the desired confidence level, estimated standard deviation, and acceptable margin of error, researchers can ensure that their estimates closely reflect the true population means. Reintroducing and emphasizing this classical formula in right studies and research planning can strengthen methodological practices. It reminds researchers that precision-driven estimation is not merely a statistical exercise but a cornerstone of credible and reproducible science. As research continues to evolve, this foundational approach remains a timeless guide for achieving accuracy and integrity in data-driven disciplines.
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