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Abstract 
The size of a study sample, and the nature of the distribution of the population under study, play a crucial role in 

hypothesis testing. The accuracy and reliability of the simulation-based statistical power estimation for nonparametric 

hypothesis testing was assessed by Monte Carlo simulations. Normal, skewed log normal and bounded discrete 

distributions were simulated, including standardized effect sizes between 0.0 to 0.9 and 10, 15 and 20 pilot observations 

per group. Power estimations for bootstrap-based and parametric were compared with reference statistical power, 

using repeated Mann–Whitney U tests. Bias, standard deviation, and root mean square error (RMSE) and coverage of 

confidence interval were used to evaluate the estimation performance. Results showed a general bootstrap bias of 

0.060, and RMSE of 0.280 and a parametric RMSE of 0.299. A comparison of the accuracy of bootstrap estimation 

under skewed distributional conditions showed that it performed comparatively well. The bootstrap RMSE decreased 

from 0.328 to 0.236 with this increase in sample size (n=20) for the pilot sample, suggesting better estimation 

reliability. But the empirical coverage of the confidence intervals is only 0.144 while the nominal coverage is 0.950, 

with the empirical coverage being well below the nominal. The study finds that distributional properties and sample 

size affect simulation-based power estimation. Better uncertainty estimation techniques are needed to enhance the 

statistical confidence and aid in rational planning of the sample size in nonparametric studies. 

 

Keyword: - Monte Carlo Simulation; Statistical Power Estimation; Nonparametric Hypothesis Testing; Bootstrap 

Resampling; Mann–Whitney U Test. 
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INTRODUCTION 

In hypothesis testing power is a crucial issue because it is the probability of rejecting a false null hypothesis. 

Appropriate sample size and statistical power enhances the validity of research findings. Nonparametric hypothesis 

testing is especially useful when observations are normally distributed but with some irregularities, when the data are 

ordinal or skewed, or when the data are not normally distributed at all. Recent advances in statistical methods have 

focused on flexible inferential methods for complex data such as simulation-based power estimation approaches for 

microbiome count data (Agronah, 2025). Even entropic based goodness of fit testing method (Cadirci, 2025) and kernel 

based conditional two-sample testing (Chatterjee et al., 2024) have been extended. In addition, the application of the 

combined nonparametric testing methods has been explored to understand the statistical power of the methods under 

various conditions (Fenteng, 2025). The importance of the principles of hypothesis testing for interpreting statistical 

decisions and their associated uncertainty is still present (Nilsson & Eckert, 2024). 

When the sample sizes are small, the population parameters are unknown or the observations are not normally 

distributed, power calculations can be tricky. If the samples are of limited size, estimates of effect size and effect 

variability may be unstable, which may impact further power calculations. The simulation-based inference for finite 

samples has been studied to assess a statistical procedure when standard approximations are not necessarily valid 

(Awan & Wang, 2025). Likewise, for nonparametric tests with ordered alternatives, the determination of the sample 

size is important about test structure and experimental design (Bahçecitapar & Akdur, 2022). Another concern is 

distributional misspecification, which is the possibility that the assumptions that are built into statistical models can 

affect estimated power. The power of the estimators in the simulation study with correctly and mis specified 

distributions highlights the need to analyse the performance of the estimators under various conditions (Irmer et al., 

2024). 

Monte Carlo simulation offers a systematic approach to power evaluation for statistical tests and can be used to 

repeatedly draw observations from a given distribution and assess the likelihood of rejecting a null hypothesis for a 

specific statistical test. Beyond this, simulation has found extensive use in different research areas such as laboratory-

based training evaluation and demonstrating its usefulness for investigating outcomes under controlled conditions 

(Altinbas et al., 2025). In the field of statistical methods, there are specific Monte Carlo power analysis programs that 

can be used to compare various hypothesis testing methods (Chalmers, 2025). To ensure reliable simulation-based 

inferences, suitable calibration and accounting of estimation uncertainty (Delaunoy et al., 2022) is also required. 

Another example of this is an application of zero-inflated count models where Monte Carlo procedures can be used to 

accommodate complex probability distributions for estimating statistical power (Dennis et al., 2025). Sample size 

calculations for recurrent-event models with competing risks have also been developed using simulation methods 

(Furberg et al., 2024). Further methodological aspects of designing statistical simulation studies highlight systematic 

experimental conditions, repeatability and transparent assessment of performance (Kelter, 2024). 

However, doubts are still present on the validity of the power estimates provided by the limited sizes of pilot samples, 

especially for the nonparametric hypothesis testing under various distributional conditions. Although useful for 

estimating statistical power with less than full specification of a population distribution, the accuracy of bootstrap 

resampling may be sample size dependent, require large effects, and be problematic with the nature of observed values. 

Recently, some frameworks for power analysis based on simulation have highlighted the need to consider testing 

objectives and statistical decision criteria for alternative inferential procedures (Riesthuis et al., 2025). However, more 

investigation of bias in the estimates, variability of estimates, root mean square error and coverage of confidence 

intervals is warranted to better understand the limitations of small sample size bootstrap power estimation. In the 

current study, the current performance of simulation-based statistical power estimation for Mann – Whitney U test 

under normal, skewed and bounded distributional conditions is studied by Monte Carlo simulation. 

 

Research Objectives 

• To evaluate the accuracy and variability of bootstrap-based statistical power estimates for nonparametric 

hypothesis testing using Monte Carlo simulation. 

• To examine the influence of sample size, effect size, and distributional characteristics on statistical power 

estimation performance. 

• To assess estimation bias, root mean square error, and confidence-interval coverage across different simulation 

conditions. 

 

2. Materials and Methods 

2.1. Study Design and Data Source 

A simulation-based research approach was used in the present study to assess the statistical power estimation for 

nonparametric hypothesis testing. The publicly available PowerSim Reproducibility Package (da Silva et al., 2026) was 

used for the secondary simulations. The study tested power estimation based on bootstrapping for various sample sizes, 

effect sizes and probability distributions. Estimated power was compared to reference values for the Mann–Whitney U 

test, using Monte Carlo simulation. The accuracy of the estimates was evaluated by bias, standard deviation, root mean 

square error (RMSE) and the coverage of the confidence interval.  

 

2.2. Monte Carlo Simulation Framework 

Independent observations were simulated from normal, skewed log-normal and bounded discrete distributions and 

Monte Carlo simulations performed. Standardized effect sizes of 0.0, 0.3, 0.6 and 0.9 were explored and pilot sample 
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sizes consisted of 10, 15 and 20 observations per group. The desired number of observations per group was 20. There 

were 36 experimental conditions and 400 independent pilot samples and 400 bootstrap repetitions for each pilot sample 

in the main simulation. Target sample sizes between 8 and 40 were used to explore changes in statistical power in the 

supplementary analysis.  

 

2.3. Simulation Parameters and Distributional Conditions 

The influence of data characteristics on the estimation of statistical power was assessed for three distributional 

conditions. Symmetrically distributed continuous observations were represented by normal distributions, and positively 

skewed observations by log-normal distributions. To account for restricted measurements and ceiling effects, bounded 

discrete distributions were created on an integer scale (0-30). These conditions allowed for comparisons of the accuracy 

of the estimations across various distributional characteristics, effect sizes and sample sizes. 

 

2.4. Nonparametric Hypothesis Testing 

Mann–Whitney U test was used for comparing two independent groups of observations which are not necessarily 

normally distributed. The null hypothesis was that there was no difference in distribution between groups and the 

alternative hypothesis was that there was a difference. Throughout the simulations a two-sided significance level of .05 

was used. The statistical power was defined as the percentage of the comparisons that were statistically significant for 

the simulated comparisons. This allowed the assessment of the nonparametric hypothesis testing performance to be 

consistent across the experimental conditions. 

 

2.5. Bootstrap-Based Statistical Power Estimation 

The number of observations was repeatedly sampled with replacement from independently generated pilot groups to 

obtain bootstrap power estimates. 400 bootstrap repetitions were run for each pilot sample, and the resampled groups 

were formulated based on the target sample size. It was used the Mann–Whitney U test for each comparison and the 

bootstrap power was estimated as the percentage of significant test results. This process was repeated over 400 

independent pilot samples for each simulation condition to examine the stability and variability of the estimated levels 

of statistical power. 

 

 

2.6. Reference Power and Parametric Comparison 

The statistical power was estimated from 40,000 independent simulated comparisons for each population condition. The 

proportion of significant Mann–Whitney U test results were considered the reference power. A conventional two-

sample t test power calculation was also conducted based on the standard mean difference calculated from the pilot 

observations. The accuracy and reliability of the power estimates obtained using bootstrap and parametric methods was 

compared to the reference power estimates. 

 

2.7. Evaluation of Statistical Estimation Performance 

Bias, standard deviation, RMSE, and confidence-interval coverage were used to evaluate the performance of statistical 

estimation. The differences between average estimated power and reference power were considered as bias and the 

differences among the pilot samples were considered as standard deviation. Overall estimation error was quantified 

using RMSE which accounted for both bias and variability. The distribution of estimated values of power was described 

by the 10th and 90th percentiles. Confidence intervals were constructed with a normal approximation to the binomial 

standard error, and their empirical coverage was determined as the proportion of intervals that covered the reference 

power. 

 

2.8. Statistical Analysis 

Means, medians, standard deviations, percentiles, and proportions were used to summarize the outcomes of the 

simulations. Bias, RMSE and coverage of the confidence intervals were compared across distributions, effect sizes, and 

pilot sample sizes. Parametric power calculations were also compared to the estimates obtained by bootstrap. 

Statistically power was evaluated in the supplementary analyses with respect to the increasing target sample size. 

Results were shown in comparative tables and graphical representations. No further inferential tests were used to 

compare between simulation conditions. 

 

2.9. Reproducibility and Ethical Considerations 

The study was based on computational simulation results that were publicly available and were simulated following a 

specific statistical procedure, with a fixed random seed. The reproducibility package contained simulation results and 

methodology specifications, to facilitate verification. Because no humans, patient information or personally identifiable 

records were included in the research, neither institutional ethical approval nor informed consent was required. The 

study was carried out with respect to the principles of reproducibility and transparency in the reporting of statistical 

information and in the due reference to the original source. 

 

3. Results 

A total of 36 simulation conditions were analysed, which involved three probability distributions, four standardized 

effect size and three pilot sample size. The accuracy of bootstrap method for statistical power estimation was measured 
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against the reference power from simulation for Mann–Whitney U test. Estimation bias, standard deviation, root mean 

square error (RMSE), CI coverage, and additional comparisons using target-sample size were examined.  

 

3.1. Distributional Conditions and Reference Statistical Power 

The statistical power for each of the three distributional conditions varied and was related to the effect sizes. For the 

normal distribution, the mean reference power was 0.350, for the skewed distribution, the mean reference power was 

0.538 and for the bounded distribution, the mean reference power was 0.345 (see Table 1). The sloped distribution 

resulted in the greatest reference power for the nonzero effect sizes. With an effect size of 0.9, the resulting reference 

power was approximately 0.968 in the case of the skewed observations, 0.770 in the case of the normal observations, 

and 0.760 in the case of the bounded observations. These differences suggest that the rejection probability for Mann–

Whitney U test was affected by the distributional structure. 

 

Table 1. Reference Statistical Power across Distributional Conditions and Effect Sizes 

Effect size Normal Skewed Bounded/ceiling 

0.0 0.049 0.050 0.050 

0.3 0.147 0.335 0.144 

0.6 0.434 0.799 0.429 

0.9 0.770 0.968 0.760 

Mean 0.350 0.538 0.345 

 

 
Figure 1. Reference Statistical Power across Effect Sizes 

 

Figure 1 illustrates the increase in reference power with effect size across the three distributions. The largest separation 

between distributional conditions occurred at moderate effect sizes, particularly at 0.6, where the skewed distribution 

demonstrated substantially greater statistical power. 

 

3.2. Comparative Performance of Bootstrap and Parametric Power Estimation 

Comparative analysis revealed the differences of the accuracy of the estimation of bootstrap-based power procedures 

and parametric power procedures. The overall mean bootstrap bias was 0.060 whereas a parametric estimator bias of 

0.026 was obtained as shown in Table 2. The mean of the bootstrap RMSE was 0.280 and the mean of the parametric 

RMSE was 0.299. Both methods exhibited positive average bias and similar values of RMSE under normal and 

bounded conditions. The skewed distribution, on the other hand, resulted in negative average parametric bias of −0.074, 

and positive average bootstrap estimator bias of 0.029 with a smaller RMSE. 

 

Table 2. Comparative Performance of Bootstrap and Parametric Power Estimation by Distribution 

Distribution Bootstrap bias Bootstrap RMSE Parametric bias Parametric RMSE 

Normal 0.071 0.282 0.072 0.280 

Skewed 0.029 0.266 −0.074 0.328 

Bounded/ceiling 0.080 0.291 0.081 0.290 

Overall mean 0.060 0.280 0.026 0.299 
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Figure 2. Estimation Bias across Distributional Conditions 

 

Figure 2 compares estimation bias across effect sizes for the two methods. Both estimators exhibited positive bias under 

several low-effect conditions, while changes in bias direction were observed at larger effect sizes. The distribution-

dependent differences were most apparent for skewed observations. 

 

3.3. Influence of Pilot Sample Size on Estimation Accuracy 

The variability and accuracy of the power estimates based on the bootstrap method were found to depend on the pilot 

sample size. Bootstrap bias, standard deviation and RMSE were reduced by increasing the size of the pilot sample from 

10 to 20 observations per group, as shown in Table 3. Additionally, parametric RMSE was found to be decreasing as the 

size of the pilot sample increased. These results suggest that the larger pilot samples tended to yield more consistent 

estimates of statistical power for the conditions simulated 

 

Table 3. Power Estimation Performance according to Pilot Sample Size 

Pilot sample size per group Bootstrap bias Bootstrap SD Bootstrap RMSE Parametric RMSE 

10 0.089 0.286 0.328 0.341 

15 0.052 0.248 0.274 0.297 

20 0.039 0.218 0.236 0.259 

 

 
Figure 3. Influence of Pilot Sample Size on RMSE 
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Figure 3 demonstrates the progressive reduction in estimation error as pilot sample size increased. The bootstrap RMSE 

decreased by approximately 28.0% between pilot sample sizes of 10 and 20 per group, supporting an improvement in 

estimation accuracy over the examined range. 

 

3.4. Confidence-Interval Coverage and Statistical Reliability 

The empirical coverage of the confidence intervals was much lower than the nominal 95% in all simulation scenarios. 

Mean coverage rose from 0.114 to 0.177 as the number of pilot observations per group was increased from 10 to 20, as 

shown in Table 4. There was a comparable low level of coverage across distributional conditions ranging from 0.141 

for bounded observations to 0.146 for normal observations. The overall mean coverage was 0.144 meaning that the 

intervals were often not able to capture the reference power obtained from the simulation. 

 

Table 4. Empirical Confidence-Interval Coverage across Simulation Conditions 

Simulation condition Mean coverage Nominal coverage 

Pilot size: 10 0.114 0.950 

Pilot size: 15 0.140 0.950 

Pilot size: 20 0.177 0.950 

Normal distribution 0.146 0.950 

Skewed distribution 0.144 0.950 

Bounded distribution 0.141 0.950 

Overall mean 0.144 0.950 

 

Coverage represents the proportion of nominal 95% Monte Carlo intervals containing the reference statistical power. 

Pilot-size and distribution summaries represent different groupings of the same 36 conditions and should not be 

combined as independent observations. 

 
Figure 4. Empirical Confidence-Interval Coverage 

 

Figure 4 illustrates the consistently low empirical coverage across standardized effect sizes. The results demonstrate 

substantial under coverage of the reported Monte Carlo intervals, suggesting that the intervals did not adequately 

capture the total uncertainty associated with estimating statistical power from small pilot samples. 

 

3.5. Influence of Target Sample Size on Statistical Power 

Additional simulations were conducted to determine the variation in statistical power for different target sample sizes (8 

to 40 observations per group) with a standardised effect size of 0.6. As seen in Table 5, the reference power was 

growing as the target sample size was increasing under both the assumptions of a normal and a bounded distribution. In 

the normal distribution, the percentage of reference power varied from 0.191 with eight observations per group to 0.732 

with 40 observations per group. Bootstrap estimates rose from 0.276 to 0.671 corresponding to this. The same trends 

were seen for bounded observations, but in the case of the smallest target sample sizes, the bootstrap estimates were 

larger than the corresponding reference power, while at the largest target sample size, the bootstrap estimates were 

smaller than the reference power. 

 

Table 5. Reference and Bootstrap-Estimated Statistical Power across Target Sample Sizes 

Target sample size per 

group 

Normal 

reference 

Normal 

bootstrap 

Bounded 

reference 

Bounded 

bootstrap 

8 0.191 0.276 0.172 0.287 
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12 0.267 0.355 0.265 0.357 

16 0.349 0.438 0.349 0.442 

20 0.436 0.479 0.428 0.474 

24 0.499 0.515 0.498 0.517 

30 0.597 0.598 0.597 0.600 

40 0.732 0.671 0.730 0.666 

 

Results from the simulation showed that there were significant differences in the power estimation of statistics among 

the distributions, effect sizes, and pilot sample sizes. The overall mean bias and RMSE were respectively 0.060 and 

0.280 using the bootstrap based estimation, and 0.299 using the parametric estimation. For larger pilot samples, the 

estimation variability and RMSE decreased with the increase in sample size, and the coverage of the confidence 

intervals was significantly lower than the nominal 95%. Increasing reference power with target sample size was 

confirmed by supplementary analyses and discrepancies between estimated and reference values were also identified. 

The results of these two together demonstrate the need to consider distributional properties and pilot-sample uncertainty 

in power interpretations for the Mann–Whitney U test based on simulation. 

 

4. Discussion 

The reliability of the simulation-based statistical power estimation for nonparametric hypothesis testing was evaluated 

across varying distributional conditions, effect sizes and pilot sample sizes in the present study. Results showed 

significant differences between estimation accuracy, with an overall bootstrap bias of 0.060 and root mean square error 

(RMSE) of 0.280. The bootstrap estimation technique resulted in a lower overall RMSE, especially when conditions 

were skewed. As the number of pilots increased, the stability of the estimation increased, but the empirical coverage of 

the confidence intervals was significantly less than the nominal 95%. The results show the need to consider sampling 

error when calculating the power of a Mann–Whitney U test. 

Moderate estimation errors were found by bootstrap-based power estimation, which was dependent on the distributional 

characteristics. The relative smaller bootstrap RMSE in the skewed cases indicate that resampling procedures could be 

beneficial as an alternative to standard parametric assumptions. New methods of statistical hypothesis testing have 

highlighted the need for choosing appropriate methods for underlying probability structures (Elgehady et al., 2025). 

Likewise, simulation studies of double sampling have shown the importance of investigating nonparametric estimation 

methods under different experimental settings (Hidayat et al., 2025). Nonparametric comparisons based on simulation 

have also been used in complex biological measurements, demonstrating a wider range of applications of computational 

inference (Verdier et al., 2023). Nevertheless, the estimation errors observed suggest that bootstrap power estimation is 

not necessarily accurate even though it does not make as many distributional assumptions. 

The statistical power and the estimation performance were highly affected by the distributional characteristics. There 

was a positive correlation between effect size and reference power for all distributions, and the power was higher for 

skewed observations than normal, and for bounded observations than for observations with nonzero effects. Studies 

have highlighted the need for choosing statistical tools suitable for the measurement scale and distribution (Chiang et 

al., 2024) when using an ordinal disease severity scale. In addition, kernel-based statistical testing has been explored in 

the context of complex genomic observations, highlighting the importance of flexible statistical methods 

(Kamoljitprapa et al., 2024). Moreover, robust nonparametric inference has been generalized to other mathematical 

spaces such as manifold spaces (Mozaffari, 2025). The developments are useful in thinking about the distributional 

characteristics of comparisons made based on simulations but are not directly comparable to the findings of the present 

study. 

The accuracy and stability of the statistical power estimates was affected by the size of the pilot sample. Bootstrap 

RMSE decreased from 0.328 to 0.236 as more pilot observations (20) were taken per group, providing a better 

estimation reliability. Monte Carlo simulation has been used along with powerful nonparametric methods to investigate 

the statistical performance under various market conditions (Ngurah, 2025). Likewise, statistical trend detection under 

different experimental conditions, indicates the importance of variation when analyzing repeated measurements (Petty, 

2025). Based on the current results, it is suspected that small pilot samples can lead to an unstable power estimate, even 

with the use of a bootstrap resampling approach. 

One of the main results was that reported confidence intervals have low empirical coverage with an average of only 

0.144 as opposed to the nominal value of 0.950. This significant undercoverage suggests that the intervals were not 

good representations of the uncertainty in the estimated power. In nonparametric calibration, the reliable assessment of 

uncertainty in statistical inference has been highlighted (Sadatsafavi & Petkau, 2024). Repeated experiments have also 

been shown to be helpful when exploring methodological performance through simulation-based evaluation of 

statistical tests (Suchar & Nardin, 2022). The undercoverage observed above may be due to the way uncertainty is 

represented in the interval construction procedure and not indicative of a fundamental limitation of the bootstrap 

resampling approach. 

The values found are of practical importance for the statistical planning, especially for the choice of a nonparametric 

test in small-sample research. They have been used in aviation optimization (Attar et al., 2024), financial risk 

assessment (da Cruz, 2025), training-related performance investigations (Martin Jr., 2023) and infrastructure 

sustainability assessment (Pulecio-Díaz, 2025). These applications highlight the versatility of the simulation-based 

approaches across fields but do not directly validate current power estimation approaches. The study only includes three 

distributional conditions, selected effect sizes, and the Mann– Whitney U test.  
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Moreover, its outcomes were based on an existing simulation package, not on direct observations. Further research 

should be conducted using other nonparametric methods, other bootstrap interval methods, and sample-size conditions 

to increase the generalizability of statistical power estimation. 

 

5. Conclusion 

In the current study, the accuracy and reliability of simulation-based statistical power estimation for nonparametric 

hypothesis testing was assessed by Monte Carlo simulations. Results showed that distributional properties, effect sizes, 

and pilot sample sizes affected the bootstrap-based power estimations. Overall, lower overall root mean square error 

(RMSE) was obtained from bootstrap than parametric estimation, especially under skewed distributional conditions, 

suggesting its utility when conventional parametric assumptions are not applicable. But there was significant estimation 

bias and variability across simulation conditions, reflecting the limitations of small sample size power estimates. Larger 

pilot sample size led to reduced bias, standard deviation, and root mean square error in estimating the population size. 

Additionally, statistical power also rose with the effect size and the desired sample size, but discrepancies between the 

estimated and the reference statistical power were observed. Importantly, the empirical coverage was much lower than 

the nominal 95%, indicating that the interval procedure evaluated was not capturing the uncertainty associated with 

estimation. These results stress the need to realize that the bootstrap re-sample is not necessarily reliable for statistical 

power estimation, especially if a pilot sample is small. Overall, the study highlights the importance of considering 

distributional assumptions, sample-size limitations, and uncertainty calibration when applying simulation-based power 

estimation to the Mann–Whitney U test. Further research is needed to examine other nonparametric tests, other 

resampling methods, and other improved confidence-interval procedures to enhance estimation accuracy, replication, 

and statistical decision making for other research applications. 
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