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A B S T R A C T   

In materials science, experimental datasets are commonly used to estimate various statistics of 
random variables. This paper focuses on a specific random variable: the rupture stretch of a 
material. Examples of statistics include average, standard deviation, coefficient of variation, and 
different quantiles. How accurate is the estimate of such a statistic? The answer depends on the 
statistic, the size of the experimental dataset, and how much the random variable scatters. Here 
we demonstrate a procedure to generate a large experimental dataset and use the experimental 
dataset to estimate the accuracy of various statistics of the rupture stretch.  We use a high- 
throughput experiment to measure the rupture stretches of 160 specimens of a silicone rubber. 
We then use the bootstrap method to determine the 90 % confidence intervals of several statistics. 
We find that the experimental dataset accurately estimates the average, standard deviation, and 
50 % quantile. However, the experimental dataset does not reliably estimate extremely low or 
high quantiles. This finding indicates an experimental dataset much larger than 160 specimens is 
needed to accurately estimate rare-event rupture stretch.  We further apply the bootstrap method 
to an experimental dataset of strengths of 33 specimens of a ceramic. The result indicates that this 
experimental dataset is too small to accurately estimate the average strength of the ceramic. Our 
findings demonstrate that the common practice of using small datasets to estimate statistics of 
material properties is outdated and meaningless. The high-throughput experiment provides a 
large experimental dataset of rupture stretch, from which the bootstrap method quantifies the 
accuracy of the estimates of various statistics. The bootstrap method does not require the user to 
have sophisticated expertise in statistical analysis. Nor does the bootstrap method require the 
dataset to obey any statistical distribution.   

1. Introduction 

Experimental measurements are used to determine material properties such as strength. Strength of a material often scatters greatly 
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from specimen to specimen. For example, when 23 specimens of a fused silica were measured, the strength ranged from about 1 GPa to 
about 10 GPa (Proctor et al., 1967). As another example, when 40 specimens of a polymer coated silica were measured, the strength 
ranged from 0.5 to 6 GPa (Kurkjian et al., 1989). Strength of a material is a random variable, commonly characterized using statistics 
such as average, standard deviation, and quantiles. The scatter of strength is often fit to various statistical distributions, including 
normal distribution, Weibull distribution, and Gumbel distribution (Basu et al., 2009; Dirikolu and AKTAŞ, 2002; Doremus, 1983; Lu 
et al., 2002) 

To characterize a material with a large scatter in strength, a great number of specimens must be tested under identical conditions. 
However, the ASTM standard (International, 2015) requires that the strength be measured using 6–10 specimens. The use of such a 
small number of specimens is understood from a practical limitation. Traditional tests require rupturing specimens one by one, and are 
time-consuming and labor-intensive. The recent developments of high-throughput experiment methods are helpful to obtain a large 
experimental dataset. Various of high-throughput experiments have been developed in biology, chemistry, pharmacy, and material 
science (de Pablo et al., 2019; Hughes et al., 2014; Mennen et al., 2019; Ren et al., 2018; Shevlin, 2017; Soon et al., 2013; Sun et al., 
2019). But the high-throughput experiments to measure mechanical properties are few (Darling and Di Carlo, 2015; Tweedie et al., 
2005). Our recent paper proposes a high-throughput experiment method to measure rupture stretch of hundreds of specimens 
simultaneously (Wu et al., 2023; Zhou et al., 2022). The feature of this setup includes (i) a procedure to prepare a large number of 
specimens; (ii) a kinematic mechanism to apply loads to these specimens simultaneously; and (iii) a method to record rupture of 
individual specimens by image processing. The large experimental dataset is likely to provide more accurate estimates of various 
statistics than a small experimental dataset. However, the size of the experimental dataset required for an accurate estimate of a 
statistic depends on the statistic itself and the variation in the values within the experimental dataset. Whether the dataset of a 
high-throughput experiment is sufficiently large to accurately estimate a statistic is a subject of investigation. 

In the field of mechanics of materials, several statistical methods have been used to test whether an experimental dataset is large 
enough to estimate various statistics of material properties. Examples include F-test, T-test, A-D test, etc. (Wang et al., 2022; Wu et al., 
2023). Here we apply the bootstrap method to the dataset generated by the high-throughput experiment, and determine the confidence 
interval of the estimate of each statistic (Diaconis and Efron, 1983; Efron and Tibshirani, 1991). The bootstrap method does not require 
the user to have sophisticated expertise in statistical analysis. Nor does the bootstrap method require the dataset to obey any statistical 
distribution. This method has been used to evaluate various statistics of material properties (Edwards et al., 2012; Young et al., 2007). 
When employing the bootstrap method to construct confidence intervals, it is essential to have a sufficiently large dataset. If the dataset 
is too small, for instance, less than 10, the resulting confidence interval may become too wide, making it challenging to draw 

Fig. 1. High-throughput rupture experiment. (a) A silicone rubber sheet containing 20 specimens is prepared using a laser cutter. A total of eight 
sheets containing 160 specimens are pulled simultaneously to the same stretch. (b) A snapshot of the experiment at a stretch of λ = 5. 
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meaningful conclusions. Nevertheless, obtaining a large dataset of strength is nearly impossible without high-throughput experiments. 
Here we combine the high-throughput experiment and bootstrap method to characterize the statistics of rupture stretch of a 

material. We conduct a high-throughput experiment to simultaneously stretch 160 specimens of a silicone rubber and record their 
individual rupture stretches. We then apply the bootstrap method to compute the 90 % confidence interval for each statistic, including 
the average, standard deviation, coefficient of variation, and various quantiles. Our findings indicate that the experimental dataset can 
accurately estimate the average, standard deviation, and 50 % quantile. However, it does not accurately estimate extremely low or 
high quantiles. This finding indicates an experimental dataset much larger than 160 specimens is needed to accurately estimate rare- 
event rupture stretch. We further apply the bootstrap method to an existing experimental dataset of 33 specimens of a ceramic. The 
result indicates that this experimental dataset is too small to accurately estimate even the average strength of the ceramic. 

The combination of high-throughput experiment and bootstrap analysis is synergistic. The former tests a large number of speci
mens, and the latter calculates the confidence interval of any statistic. The high-throughput experiment and the bootstrap analysis 
work well together because, for any statistic, a sufficiently large experimental dataset can generate a narrow bootstrap confidence 
interval. Furthermore, if the bootstrap analysis shows that the confidence interval of a statistic is too wide to satisfy the requirement of 
an application, additional high-throughput experiments can be conducted to provide a large enough dataset. The bootstrap analysis 
quantifies the size of the experimental dataset required for an accurate estimate of a statistic. For example, when estimating extreme 
quantiles, the bootstrap analysis suggests caution, and the high-throughput experiment offers an opportunity to address this issue by 
creating a sufficiently large dataset. It is hoped that the iteration of high-throughput experiment and bootstrap analysis will be adopted 
to characterize the statistics of materials. Our findings demonstrate that the common practice of using small datasets to estimate 
statistics of material properties is outdated and meaningless. 

2. High-throughput rupture experiment 

2.1. Experimental dataset 

We have developed a high-throughput rupture experiment (Wu et al., 2023; Zhou et al., 2022). Here we use a variation of this 
experimental setup to pull 160 silicone rubber specimens. Starting with a silicone rubber sheet, we use a laser cutter (Universal Laser 
Systems, Inc.) to cut 20 specimens, each having a dumbbell shape (Fig. 1a). The central part of each specimen has the size of 12 × 1 ×
0.1mm. The upper and bottom of the specimens remain connected, so that all the 20 specimens can be glued to steel plates simul
taneously. The steel plates hold a total of eight sheets of specimens. The steel plates are gripped and pulled by a home-made tensile 
machine at a rate of 30mm/min (Fig. 1b). Define the stretch λ by the current spacing between the two grippers divided by the initial 
spacing. We videotape the experiment using a camera (SONY FDR-AX60). As the tensile machine pulls the two grippers, the specimens 
gradually rupture. For example, when the applied stretch is λ = 5, a total of 104 specimens have ruptured (Fig. 1b). Following the 
method described in our previous papers, we process the video to detect the rupture stretches of the specimens. The fraction of 
ruptured specimens, F, is plotted as a function of stretch, λ (Fig. 2). Each data point corresponds to a ruptured specimen. The plot 
consists of the experimental dataset of rupture stretches of the 160 specimens, {λ1,λ2,λ3, ..,λ160}. 

2.2. Is the experimental dataset identically and independently distributed? 

When a large number of dice are rolled simultaneously, it is commonly expected that the individual dice behave independently but 
similarly. In statistics, the dice are said to be independent and identically distributed (iid). However, in a high-throughput experiment, 

Fig. 2. The fraction of ruptured specimens as a function of applied stretch.  
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such as the one described in this paper, the specimens may not be iid. The non-iid behavior can be caused by various issues in the 
experimental design (Wu et al., 2023). Examples include insufficient rigidity of the plates, insufficient frictional force between the 
grippers and the plates, and inconsistent preparation of the specimens. These issues can be mitigated by improving the experimental 
design. 

Whether an experimental dataset is iid is tested as follows. Divide the experimental dataset into several subsets. Each subset 
contains a large number of specimens and generates a cumulative distribution function (cdf). If the cdfs of all the subsets are suffi
ciently close, the experimental dataset is said to be iid. One way to measure the similarity between cdfs of multiple subsets of specimens 
is the Anderson-Darling test (Scholz and Stephens, 1987). In our experiment, 160 specimens are fabricated in eight sheets, each sheet 
containing 20 specimens. We divide the experimental dataset into two subsets, with each subset containing four sheets of specimens. 
From the cdfs of the subsets, the Anderson-Darling test calculates a P-value, which measures how likely the observed difference be
tween cdfs is due to chance, rather than bias in experiments. We test the null hypothesis H0 that the experimental dataset is iid. We 
calculate the P-value using the function module “AnDarksamtest” in MATLAB and select a significance level of α = 0.01. If P < α, we 
reject H0 and conclude that the experimental dataset is not iid. If P > α, we cannot reject H0 and there is insufficient evidence to 
conclude that the experimental dataset is not iid. Our experimental dataset gives P = 0.037, so we cannot reject H0. We will regard that 
our experimental dataset is iid. 

2.3. Several statistics of the experimental dataset 

Given an experimental dataset of rupture stretch {λ1, λ2, λ3, .., λn}, where n is the number of specimens, we can calculate various 
statistics. The most frequently used statistic in rupture is the average rupture stretch, which is defined by 

μ =
1
n
∑n

i=1
λi. (1) 

The average rupture stretch of the 160 specimens is 4.77. 
The standard deviation of rupture stretch is defined by 

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

n − 1
∑n

i=1

(
λi − μ

)2

√

. (2) 

The standard deviation of rupture stretch of the 160 specimens is 0.46. 
The coefficient of variation of rupture stretch is defined by 

CV = σ/μ. (3) 

The coefficient of variation of rupture stretch of the 160 specimens is 0.096. 
The α-quantile is defined by 

F(λ) = α. (4) 

Because the function F(λ) is discrete, for a given value of α, the dataset may not yield a value of rupture stretch λ. In that case one 
chooses the smallest value of λ such that F(λ) > α. The 50 % quantile of rupture stretch is the stretch of the 80th ruptured specimen and 
is 4.85. The 10 % quantile of rupture stretch is the stretch of the 16th ruptured specimen and is 4.10. The 1.25 % quantile of rupture 
stretch is the stretch of the 2nd ruptured specimen and is 3.52. 

Each of the above statistics is calculated from the dataset obtained in our experiment. Of course, this experiment can be conducted 

Fig. 3. Bootstrap method. (a) An experimental dataset of n specimens is obtained: {λ1,λ2,λ3, ..,λn}. (b) B bootstrap datasets are generated from the 
experimental dataset: {λ1

1,λ
2
1,λ

3
1, ..,λ

n
1}, {λ1

2,λ
2
2,λ

3
2, ..,λ

n
2}, …,{λ1

B,λ
2
B,λ

3
B, ..,λ

n
B}. (c) For illustration purposes, B is set as 40. The statistic of each bootstrap 

dataset is represented by a dot on a line. The lowest and highest 5 % statistics (i.e., the leftmost and rightmost two dots) are colored red. The four red 
dots are removed and the remaining range represents the bootstrap estimate of the 90 % confidence interval of the statistic. 
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repeatedly to provide rupture stretches of more than 160 specimens. The larger dataset can also be used to calculate the statistic. Will 
the statistic calculated using the experimental dataset of 160 specimens be an accurate estimate of the statistic of larger datasets? The 
accuracy of estimates of the above statistics will be gauged by the bootstrap method. 

3. Bootstrap method 

The bootstrap method is a technique to quantify the uncertainty associated with a statistic estimated from a large experimental 
dataset (Diaconis and Efron, 1983; Efron and Tibshirani, 1991). Let an experimental dataset of n specimens be λ1, λ2, .., λn (Fig. 3a). 
From this experimental dataset, we can estimate various statistics. Examples include average, standard deviation, coefficient of 
variation, and different quantities. Imagine that the experiment could be conducted with infinite specimens. Such a hypothetical 
experiment would provide true values of the statistics. How much does each statistic estimated from the experiment of n specimens 
differ from the true value of the statistic? To answer this question, the bootstrap method uses the experimental dataset of n specimens 
to calculate a confidence interval of the true value of the statistic. 

Specifically, the bootstrap method generates B datasets, called bootstrap datasets. Each bootstrap dataset is generated by randomly 
selecting n specimens from the experimental dataset with equal probability, allowing repetition. Denote the Bth bootstrap dataset by 
λ1

B, λ
2
B,⋯, λn

B (Fig. 3b). For example, let B = 40. Each of the 40 bootstrap datasets estimates a value of a statistic. This procedure results in 
40 values of the statistic, which are plotted as dots on a line (Fig. 3c). The lowest 5 % of the 40 values are the leftmost two dots, colored 
red. The highest 5 % of the 40 values are the rightmost two dots, also colored red. After removing the four red dots, the range of the 
remaining 36 blue dots is the 90 % confidence interval of the true value of the statistic. 

In summary, the bootstrap method invokes the variability in a large, but finite experimental dataset. The method makes no 
assumption on the distribution of the hypothetical experiment of infinite specimens. By repetitively resampling the experimental 
dataset, the bootstrap method generates a confidence interval of the true value of the statistic. 

4. Accuracy of average rupture stretch estimated from experimental dataset 

4.1. Bootstrap datasets 

As we describe above, the high-throughput experiment generates rupture stretches of 160 specimens (Fig. 2). From the experi
mental dataset we generate 40 bootstrap datasets. For each bootstrap dataset, we randomly select 160 rupture stretches with 
replacement from the experimental dataset. Thus, the bootstrap specimens may contain repetitions of actual specimens. We represent 
each bootstrap dataset by the fraction of ruptured bootstrap specimens as a function of stretch, F(λ). 

Two representative bootstrap datasets are plotted on the F − λ plane (Fig. 4). The two functions are alike but have some differences. 
An inspection shows that each of the 40 bootstrap datasets is somewhat different from the experimental dataset. This observation 
simply means that each bootstrap dataset contains some repetitive specimens. 

4.2. Average rupture stretch 

Each of the 40 bootstrap datasets of rupture stretches produces a bootstrap average. We represent the 40 bootstrap averages as 40 
dots on a line (Fig. 5). Fig. 5a and b show the same 40 dots in different scales. The bootstrap averages scatter in the interval [4.69, 

Fig. 4. Bootstrap datasets. For two representative bootstrap datasets, the fractions of ruptured bootstrap specimens are plotted as functions of 
stretch, F(λ). 
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4.87]. The lowest 5 % averages (i.e., the leftmost two dots) and the highest 5 % averages (i.e., the rightmost two dots) are colored red. 
We remove the four red dots, and the remaining interval [4.74, 4.84] is the bootstrap estimate of the 90 % confidence interval of the 
average rupture stretch. 

As we noted above, the average rupture stretch of the experimental dataset of 160 specimens is 4.77. The bootstrap method es
timates the width of the 90 % confidence interval of the average rupture stretch to be 0.1. The ratio of the two numbers, 0.1/4.77 =
0.02, gives a measure of the size of the 90 % confidence interval relative to the average stretch. This accuracy is likely to satisfy most 
applications, and one might say that the experimental dataset of 160 specimens is large enough to estimate this particular statistic: 
average rupture stretch. 

4.3. The effect of the number of specimens 

In engineering practice, the average rupture stretch is often estimated using an experimental dataset of few specimens, e.g., fewer 
than ten specimens (ASTM D638-14, 2015). To determine the accuracy of these estimates, we examine experiment datasets of various 
numbers of specimens. From the actual experimental dataset of 160 specimens, we create 16 virtual experimental datasets by 
randomly selecting rupture data without replacement, each containing n = 10, 20, 30, …, or 160 specimens. For each virtual 
experimental dataset, we generate 40 bootstrap datasets and calculate the average rupture stretch μ for each. These bootstrap averages 
are plotted on the μ-n plane (Fig. 6). As the number of specimens in the virtual experimental dataset increases, the scatter of the 
bootstrap averages decreases. We also calculate the 90 % confidence interval of the estimated average rupture stretch for each of the 16 
virtual datasets. For a virtual experiment dataset with ten specimens, the 90 % confidence interval of the average rupture stretch is 
[4.46, 4.96], which is wider than that of the experimental dataset of 160 specimens [4.74, 4.84]. Whether a confidence interval is 
narrow enough depends on applications. If the bootstrap method estimates a confidence interval is too wide to be acceptable in an 
application, one must conduct an additional high-throughput experiment of more specimens. 

4.4. The effect of the number of bootstrap datasets 

We can examine how the number of bootstrap datasets affects the 90 % confidence interval. We test B values of 20, 40, 60, and 80. 
Each bootstrap dataset provides a bootstrap average μ. As before, for each value of B, we plot the average of each bootstrap dataset as a 
dot on a line, and mark the lowest 5 % and the highest 5 % dots in red (Fig. 7). We remove the red dots, and the remaining interval is the 
bootstrap estimate of the 90 % confidence interval of the average rupture stretch. When B is greater than 20, the 90 % confidence 
interval remains almost unchanged. In the remainder of the paper, we will fix the number of bootstrap datasets to B = 40. 

5. The accuracy of the standard deviation of rupture stretch estimated from the experimental dataset 

The standard deviation of rupture is another commonly used statistic. Fig. 8 shows 40 dots representing the 40 bootstrap standard 
deviations of rupture stretch. These values scatter in the range [0.39, 0.48]. After removing the four red dots, the remaining range 
[0.40, 0.47] is the bootstrap estimate for the 90 % confidence interval of the standard deviation of rupture stretch. The width of the 90 
% confidence interval is 0.07. The standard deviation for the experimental dataset of 160 specimens is 0.46. The ratio of these two 
numbers, 0.07/0.46 = 0.15, provides a measure of the size of the confidence interval relative to the standard deviation. This implies 
that, with 90 % confidence, the interval width is about 15 % of the standard deviation of the experimental dataset. This level of ac
curacy is likely to be sufficient for most applications, indicating that a dataset of 160 specimens is large enough to estimate this 
particular statistic: standard deviation. 

Fig. 9 shows 40 dots representing the 40 bootstrap coefficients of variation. These values scatter in the range [0.091, 0.112]. The 
bootstrap estimate for the 90 % confidence interval of the coefficient of variation is [0.095, 0.111] with the width of 0.016. The 
coefficient of variation for the experimental dataset of 160 specimens is 0.096. The ratio of these two numbers, 0.016/0.096 = 0.17. 

6. The accuracy of the quantile rupture stretch estimated from the experimental dataset 

We use the bootstrap method to determine the accuracy of three quantiles: the 50 %, 10 %, and 1.25 % quantile rupture stretches. 

Fig. 5. Bootstrap estimate for the 90 % confidence interval of the average rupture stretch. (a) The data points are plotted using the same interval 
[3,6] as used in Figs. 2 and 4. (b) The data points are plotted in the interval [4.6, 4.9]. 

Y. Zhou et al.                                                                                                                                                                                                           



Journal of the Mechanics and Physics of Solids 183 (2024) 105521

7

Fig. 6. What would the outcome be if we had a small dataset from our experiment? Our actual experiment generates a dataset of rupture stretches of 
160 specimens. From this dataset, we create 16 separate virtual datasets without replacement, each containing 10, 20, 30, …, 160 specimens. For 
each virtual dataset of n specimens, we generate 40 bootstrap datasets. The average rupture stretch μ of each bootstrap dataset is represented as a 
dot on the μ-n plane. As the number of specimens increases, the scatter of the bootstrap averages decreases. 

Fig. 7. The bootstrap estimate of the 90 % confidence interval is nearly unchanged when the number of bootstrap datasets becomes large enough.  

Fig. 8. The 90 % confidence interval of the standard deviation of rupture stretch using the bootstrap method.  

Fig. 9. The 90 % confidence interval of the coefficient of variation of rupture stretch using the bootstrap method.  
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Fig. 10a shows 40 dots representing the 40 bootstrap 50 % quantile rupture stretches. These values scatter in the range [4.64, 4.9]. The 
90 % confidence interval is [4.67, 4.89]. The width of the 90 % confidence interval is 0.22. The experimental dataset of 160 specimens 
has a 50 % quantile rupture stretch of 4.85. The ratio of the two numbers, 0.22/4.85 = 0.045. This level of accuracy indicates that an 
experimental dataset of 160 specimens is large enough to estimate this particular statistic: the 50 % quantile rupture stretch. 

The bootstrap 10 % and 1.25 % quantile rupture stretches are plotted in Fig. 10b and 10c, respectively. For extremely low or high 
quantiles such as the 1.25 % quantile rupture stretch, there is often repetition among the bootstrap values, resulting in only 5 distinct 
dots in Fig. 11c. As a result, the calculated 90 % confidence interval of the 1.25 % quantile rupture stretch is not reliable and the dataset 
cannot provide accurate estimates for extremely low or high quantiles. 

7. Bootstrap average strength of a brittle solid 

The strength of brittle solids such as ceramics can vary greatly. An experiment of 33 specimens found that the average rupture 
strength was 860 MPa (Basu et al., 2009). How much does the average rupture strength estimated from the experiment of 33 specimens 
differ from the true value of the average rupture strength? To answer this question, from the experimental dataset of 33 specimens, 40 
bootstrap datasets are generated, each producing an average rupture strength. These bootstrap averages are plotted as 40 dots on a line 
(Fig. 11). The lowest and highest 5 % bootstrap averages, colored in red, are removed to leave a range of [770 MPa, 960 MPa]. This 
range is the bootstrap estimate for the 90 % confidence interval of the true average rupture strength. The width of the 90 % confidence 
interval is 190 MPa. The average rupture strength of the experimental dataset is 860 MPa. The ratio of these two numbers, 190/860 =
0.22, indicates the size of the confidence interval relative to the average rupture strength. This ratio for the ceramic is about an order of 
magnitude larger than that for silicone rubber. This difference may reflect that ceramic is more flaw sensitive than silicone rubber, or 
the experimental dataset of 33 specimens is still too small to accurately estimate the average rupture strength. We then generate a 
virtual experiment dataset of 33 silicone rubber specimens from the original 160 specimens, and find that the 90 % confidence interval 
of average rupture stretch is [4.73, 4.93]. The width of the 90 % confidence interval is 0.2. The average rupture stretch of the virtual 
experimental dataset is 4.83. The ratio between these two numbers is 0.04, much smaller than that for the ceramic. This comparison 
confirms that the ceramic is more flaw sensitive than rubber, and requires a larger experimental dataset to accurately estimate the 
average rupture strength than silicone rubber does. 

8. Discussion 

Large datasets have been accumulating in materials science. For example, Guo et al. (2021) have used the few-shot learning al
gorithm and genetic algorithm to learn 54 datasets of five-element alloys simulated by molecular dynamics, and found the composition 
that optimizes stiffness and critical resolved shear stress. Wang et al. (2022) have integrated statistical learning with domain 
knowledge, and learned the strength law from 123 datasets obtained by the three-point bending test of concrete. Xiong et al. (2020a,b) 
have developed machine learning models for mechanical properties of various materials. Buehler (2023) have developed artificial 
intelligence models for mechanical and material design. These methods may also be used to analyze large datasets generated by 
high-throughput experiments. 

Several methods have been used to analyze small datasets. For example, the data augmentation method makes transformations to 
existing dataset to increase the amount of data and obtain better results. Transfer learning uses the existing knowledge of solving 
similar problems to accelerate the study of a current problem. These methods have not been used to calculate the confidence interval of 
estimates of material properties. A powerful approach to treat small datasets is to use domain knowledge. The approach is especially 
effective when the small datasets have great uncertainty. This theme is outside the scope of the present paper, and will be pursued in 
subsequent work. By contrast, the bootstrap method requires no domain knowledge. 

9. Conclusion 

In summary, we have conducted a high-throughput experiment to generate an experimental dataset of rupture stretches of 160 
specimens. We use the experimental dataset to estimate various statistics, including average, standard deviation, coefficient of vari
ation, and different quantiles. The accuracy of each statistic is then gauged using the bootstrap method. For each statistic, the bootstrap 
method calculates the 90 % confidence interval. Our findings indicate that the experimental dataset can accurately estimate the 
average, standard deviation, coefficient of variation, and 50 % quantile of the rupture stretch. However, the experimental dataset is too 
small to accurately estimate extremely low or high quantiles. We further apply the bootstrap method to an experimental dataset of the 
strength of 33 specimens of a ceramic. The result indicates that this experimental dataset is too small to accurately estimate the average 
strength of the ceramic. The bootstrap method provides a quantitative measure of the size of the experimental dataset required for an 
accurate estimation of a statistic. If the bootstrap analysis shows that the confidence interval of a statistic is too wide to satisfy the 
requirement of an application, additional high-throughput experiments can be conducted to provide a large enough dataset. This 
procedure iterates until the dataset reaches the necessary size to meet the required accuracy of the application. 
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