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Abstract 

An adequate sample size and an appropriate sampling technique are frequently mischosen by students and empirical 
researchers. This study reports the development and internal validation of the Research Sampling Calculator & 
Assistant, a web-based decision support application for sample size determination and stratified sampling design. The 
application was developed as a client-side single-page web application (React, TypeScript, Tailwind CSS, and Vite) that 
implemented five sample size formulas (Slovin; Lemeshow; Cochran with and without finite population correction; 
Krejcie and Morgan; and the Hair et al. indicator-based multivariate ratio), a rule-based sampling-technique decision 
engine, a proportional and disproportional stratified allocation algorithm with an automated minority-stratum 
safeguard, and a local Excel-based random sampling engine that performs all computation inside the user's browser 
without transmitting participant data to a server. Formula outputs were validated against published reference tables 
and independent manual calculations. The disproportional allocation algorithm was tested on a simulated three-
stratum population. Outputs from all five formulas were in perfect agreement with reference values. The 
disproportional module was able to eliminate minority-stratum underrepresentation while maintaining overall target 
sample size. Structured feature comparison with G*Power, Raosoft, SurveyMonkey, and OpenEpi shows that the 
developed application is the only one among the five that combines multi-formula guidance, interactive sampling-
technique decision engine, auditable stratified allocation, and privacy-preserving local sample execution in a single 
freely accessible interface. The application gives a practical, validated, and privacy-conscious contribution to diminish 
common errors in sample size and sampling design in empirical research. 
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1. Introduction

Sample size and sampling design are critical to the statistical power, generalizability, and validity of empirical research 
[1, 2]. A sample size that is too small increases the risk of inconclusive or unstable results, while a sample size that is 
too large leads to wasted resources and raises unnecessary ethical concerns, especially in health research [3, 4]. Sample 
size determination is one of the most commonly mishandled aspects of empirical research design, despite the existence 
of well-established formulae. Researchers often apply the Slovin formula to populations for which it was not intended, 
miscalculate sample size for infinite or unknown populations, and struggle to translate an overall target sample size 
into a defensible stratified allocation plan when minority subgroups are present in the population [5, 6]. Recent 
methodological audits have shown that a large proportion of published studies fail to provide adequate sample size 
justification or do not provide it at all [7, 8]. 
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General-purpose tools solve parts of this problem, but not the whole thing. G*Power provides strict power-analysis-
based sample size calculations but demands some statistical literacy (knowledge about the planned test, expected effect 
size, and power-analysis parameters) that many applied researchers have not yet acquired [9, 10]. Widely used web 
calculators such as Raosoft, the SurveyMonkey sample size calculator, and OpenEpi lower this barrier by exposing a 
single population-based formula, but none of these guide formula selection across differing population types, support 
indicator-based multivariate sample size rules used in structural equation modeling [11], or provide any mechanism 
for stratified allocation or for drawing an actual sample from a respondent list without uploading participant data to a 
remote server. 

We describe the design, development, and internal validation of the Research Sampling Calculator & Assistant, a web-
based application created to address this gap. This study had the following specific aims: (1) to implement and validate 
five well-established sample size formulas in a single, formula-selection-guided user interface; (2) to operationalize a 
rule-based sampling technique decision engine with an auditable disproportional stratified allocation algorithm that 
protects minority strata from underrepresentation; and (3) to implement this functionality in a privacy-preserving, fully 
client-side architecture where participant data are never transmitted to a server as prescribed by data-minimization 
principles emphasized in the software privacy engineering literature [12, 13]. 

2. Materials and methods 

This study did not involve human participants or patient data or animals. All validation presented in Section 4 was 
performed using published reference tables, independently hand-calculated benchmark values, and a simulated (non-
human) stratum population; thus, ethical committee approval was not required. 

2.1. Architecture of the system 

 

Figure 1 System architecture - Research Sampling Assistant & Calculator. 

The application is a layered client-side single-page application (SPA) architecture (Figure 1) implemented in React 18, 
TypeScript, Tailwind CSS, and Vite. A Presentation Layer renders the user interface. An Application State Layer 
coordinates the flow of data among four independently testable modules: the Formula Engine, the Sampling Decision 
Engine, the Stratified Allocation module, and the Local Excel Engine. All four feed a Narrative Generator which composes 
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an exportable methodology narrative. The only interaction with the local file system is a direct (browser-mediated) 
read/write for uploading a respondent list and exporting results. Participant data is never sent over the network. 

2.2. Process flow 

Figure 2 summarizes the control-flow logic from population-type selection to methodology narrative export, including 
the two governing decisions (finite/infinite/unknown population and stratified sampling) and the embedded 
minimum-viable-quota assessment that determines whether proportional or disproportional allocation is applied. 

 

Figure 2 Methodology narrative export process flow. Population-type selection. 

2.3. Class Organization 

Figure 3 shows a simplified UML class diagram of the core domain model [14]. The PopulationInput class supplies 
validated parameters to the FormulaEngine. The SamplingDecisionEngine calls the StratifiedAllocation class, which has 
a set of Stratum objects. The LocalExcelEngine reads the allocation that was calculated in order to parse an uploaded 
respondent list and to perform a seeded random draw. The NarrativeGenerator combines the output from all of the 
previous classes. 
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Figure 3 Simplified UML class diagram of the core domain model. 

2.4. Sample size formulas 

Five formulas were implemented as independent calculation modules, according to the standard presentation in the 
methodological literature. 

2.5. Slovin's formula 

Slovin's formula calculates the minimum sample size for a finite population with a given tolerable margin of error. It is 
only given for finite, defined populations: 

n = N / (1 + N·e²) 

2.6. Lemeshow's formula 

Lemeshow’s formula calculates sample size on the basis of the expected proportion, confidence level and margin of 
error and can be applied to a finite or infinite population [15]: 

n = Z² · P(1 − P) / d² 

2.7. Cochran's formula 

For large/infinite populations (without correction) Cochran's formula is used and for finite populations is automatically 
extended with the finite population correction: 

n₀ = Z²·p(1−p)/e²      n = n₀ / (1 + (n₀−1)/N) 

2.8. Krejcie & Morgan's formula 

Krejcie and Morgan (1970) developed a formula for estimating the sample size from the chi-square distribution for a 
given confidence level which was cross-checked with the original 1970 lookup table: 

n = χ²NP(1−P) / [e²(N−1) + χ²P(1−P)] 

2.9. Hair et al.'s multivariate ratio 

To address the methodological criticism of rule-of-thumb PLS-SEM sample size heuristics [16,17,18], Hair et al. use an 
indicator-based multivariate ratio and report a recommended range based on the number of observed indicators, 
instead of a single number: 

n = k × r,  r ∈ [5, 20] 
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2.10. Sampling-technique decision engine and stratified allocation 

Figure 4 depicts the rule-based decision tree that was used to recommend a probability (simple random, systematic, 
stratified, cluster) or non-probability (purposive, quota, snowball, convenience) sampling technique from a short 
branching questionnaire, with a citable rationale statement [19,20]. Where stratified sampling is used, proportional 
allocation gives each stratum a quota proportional to its share of the population: 

nₕ = n × (Nₕ / N) 

A purely proportional rule gives the numerically minor strata a quota too small to be used. The disproportional module 
thus uses an iterative algorithm: (1) compare each stratum’s proportional share with a user-defined minimum-viable-
quota threshold; (2) assign a full census or an adjusted minimum quota to any stratum below threshold; (3) distribute 
the remaining sample budget proportionally among the remaining strata; and (4) repeat steps 1–3 until all strata are 
above the threshold or already fully censused. 

 

Figure 4 Decision tree implemented in the sampling-technique decision engine. 

Algorithm (pseudocode) 

FUNCTION allocateDisproportional(strata[], targetN, minQuota): 
    active <- strata;  remainingN <- targetN;  result <- {} 
    REPEAT 
        converged <- TRUE 
        totalPop <- SUM(s.populationSize FOR s IN active) 
        FOR EACH s IN active: 
            share <- remainingN * (s.populationSize / totalPop) 
            IF share < minQuota: 
                quota <- MIN(s.populationSize, minQuota) 
                result[s.id] <- quota 
                remainingN <- remainingN - quota 
                REMOVE s FROM active;  converged <- FALSE 
    UNTIL converged == TRUE 
    totalPop <- SUM(s.populationSize FOR s IN active) 
    FOR EACH s IN active: 
        result[s.id] <- ROUND(remainingN * (s.populationSize / totalPop)) 
    RETURN result 
END FUNCTION 
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2.11. Privacy-preserving local execution 

The Local Excel Engine parses uploaded participant lists entirely client-side, and does random sampling with a seeded 
pseudo-random number generator to support reproducibility. No file content or respondent identifier is persisted on 
or transmitted to a remote server. This directly operationalises data-minimization principles that are increasingly 
emphasised in the privacy engineering literature [12, 13]. 

2.12. Validation procedure 

The output of each formula module was validated using published reference values (Krejcie and Morgan 1970 table) 
and independently hand-calculated values within a matrix of population sizes (N = 100, 500, 1,000, 10,000, and 
infinite/unknown) and margins of error (e = 0.01, 0.05, 0.10). Validation was defined as exact numerical agreement. 
The disproportional allocation module was tested on a simulated three-stratum population (majority stratum 82%; 
minority strata 12% and 6%) with a target sample of n = 200 and a minimum-viable-quota threshold of 20, checking 
that (a) proportional allocations summed to n and (b) disproportional allocations eliminated any below-threshold 
stratum while preserving n. 

 

Figure 5 Population type selection and sample size formula input interface. 

 

Figure 6 Proportional and disproportional stratified allocation table. 
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3. Results and discussion 

Table 1 summarizes the comparative feature positioning of the developed application against G*Power, Raosoft, 
SurveyMonkey, and OpenEpi, based on their documented feature sets [9,10]. 

Table 1 Comparative feature positioning against G*Power, Raosoft, SurveyMonkey, and OpenEpi 

Feature G*Power Raosoft SurveyMonkey OpenEpi Developed 
app 

Multiple sample size 
formulas 

No (power-
based) 

Partial (1 
formula) 

Partial (1 
formula) 

Partial (epi-
specific) 

Yes (5 
formulas) 

Multivariate indicator ratio No No No No Yes 

Sampling-technique 
decision engine 

No No No No Yes 

Disproportional stratified 
allocation 

No No No No Yes 

Local, privacy-safe 
sampling 

No No No No Yes 

Methodology narrative 
export 

No No No No Yes 

 

The five formula modules were validated against published reference tables and manual calculation and, in every case 
tested, gave identical numerical results. Krejcie and Morgan outputs agreed with the original 1970 table for all 
population sizes checked (e.g., n = 384 at N ≥ 100,000, n = 278 at N = 1,000, and n = 80 at N = 100). The results of Slovin, 
Lemeshow, and Cochran matched the independently hand-calculated values for all combinations of population size and 
margin of error tested, and the Cochran finite population correction consistently reduced the uncorrected estimate n₀ 
in the expected direction as N decreased relative to n₀. 

In the simulated three-stratum test, a target sample of n = 200 yielded 164, 24, and 12 respondents in the majority, first 
minority, and second minority strata, respectively, with the minimum-viable-quota threshold of 20; the smallest 
stratum (6% of the population) was below the threshold. The disproportional module increased this stratum to the 20-
respondent minimum and allocated the remaining budget proportionally between the two active strata, satisfying the 
threshold condition for each stratum and maintaining the overall target sample size of n = 200. 

These results show that the application developed is not an approximation but a digital operationalization of the well-
established sampling theory. This is in line with the focus on rigorous and auditable sample size calculation in the 
literature reviewed [9, 3]. As shown in Table 1, the tool does not replace G*Power for formal power-analysis-based 
justification tied to a specific statistical test and effect size [9]. Yet, it meaningfully expands beyond Raosoft, 
SurveyMonkey, and OpenEpi by adding multivariate guidance, sampling-technique decision support, disproportional 
stratified allocation, and privacy-preserving local execution, addressing gaps also noted in adjacent software-
engineering sampling literature [21, 22]. 

The disproportional stratified allocation results support the practical value of formalizing an otherwise ad hoc 
researcher judgment call [6] into a reproducible, auditable procedure, which may reduce the incidence of incomplete 
or absent sample size and sampling-design justification documented in recent methodological audits [23, 7, 24, 25, 26, 
27]. The client-side, privacy-by-design architecture also makes the tool more attractive for research involving sensitive 
populations, since the raw participant lists never leave the user's device. 

The present study has several limitations. Validation was limited to numerical agreement against reference values, not 
a field trial with practicing researchers, so usability and real-world error-reduction outcomes are still to be empirically 
established. The disproportional allocation test was conducted under one simulated three-stratum scenario. Further 
testing is needed to determine the behavior under a larger number of strata or more extreme minority proportions. As 
with all rule-of-thumb PLS-SEM heuristics, the Hair et al. multivariate ratio is best used as a starting range rather than 
as a replacement for a full power analysis where model complexity and expected effect sizes are known. 
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4. Conclusion 

The study designed and internally validated a browser-based digital assistant that includes five validated sample-size 
formulae, an interactive sampling-technique decision engine, an auditable disproportional stratified allocation 
algorithm, and a privacy-preserving local sampling mechanism. All implemented formulas produced outputs in exact 
agreement with published reference values. The disproportional allocation module was successful in avoiding the 
under-representation of minority strata, in line with the target sample size. Comparison with four most popular tools 
shows the application meets an unmet need, combining multi-formula guidance, sampling-technique decision support, 
auditable stratified allocation, and privacy-preserving local sample execution all in a single open-access interface. 
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