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A B S T R A C T   

Analysis of microplastics in the environment requires polymer characterization as a confirmation step for sus
pected microplastic particles found in a sample. Material characterization is costly and can take a long time per 
particle. When microplastic particle counts are high, many researchers cannot characterize every particle in their 
sample due to time or monetary constraints. Moreover, characterizing every particle in samples with high plastic 
particle counts is unnecessary for describing the sample properties. We propose an a priori approach to deter
mine the number of suspected microplastic particles in a sample that should be randomly subsampled for 
characterization to accurately assess the polymer distribution in the environmental sample. The proposed 
equation is well-founded in statistics literature and was validated using published microplastic data and simu
lations for typical microplastic subsampling routines. We report values from the whole equation but also derive a 
simple way to calculate the necessary particle count for samples or subsamples by taking the error to the power 
of negative two. Assuming an error of 0.05 (5 %) with a confidence interval of 95 %, an unknown expected 
proportion, and a sample with many particles (> 100k), the minimum number of particles in a subsample should 
be 386 particles to accurately characterize the polymer distribution of the sample, given the particles are 
randomly characterized from the full population of suspected particles. Extending this equation to simulta
neously estimate polymer, color, size, and morphology distributions reveals more particles (620) would be 
needed in the subsample to achieve the same high absolute error threshold for all properties. The above proposal 
for minimum subsample size also applies to the minimum count that should be present in samples to accurately 
characterize particle type presence and diversity in a given environmental compartment.   

1. Introduction 

Concentrations of microplastics in environmental samples can vary 
by many orders of magnitude (Pabortsava and Lampitt, 2020). This 
makes collecting and analyzing a representative sample challenging 
(Sutton, 2019). Extremely low (< 10) (Miller et al., 2017) and high (>
1000) (Qian et al., 2024) particle counts are common. Low particle 
counts may be below detection thresholds (Nel et al., 2021; Weber and 
Kerpen, 2023) and high particle counts may be too numerous to analyze. 
Low particle counts will less accurately characterize the distribution of 
plastic properties within the environmental compartment under study 
(De Frond et al., 2023). Manual picking of individual particles from 
samples and manual spectroscopic analysis are among the most common 

practices in the field (Cowger et al., 2020; Primpke et al., 2020a, 2020b). 
Microplastic particles assessed are often on the larger size of the 
microplastic particle sizes (5–0.5 mm), which have only recently been 
automated (Cowger et al., 2024), and automated analysis techniques for 
smaller particles require expensive equipment. Plastic pollutants are 
diverse (Rochman et al., 2019), and researchers commonly characterize 
every particle by polymer, size, morphology, and color (Roscher et al., 
2021). Identifying all particles individually in samples is time-intensive 
and expensive (at the Moore Institute ~1 week and ~1500$ per sam
ple), and can be statistically unnecessary to meet most study objectives if 
particle counts are too numerous (Koelmans et al., 2019; Mintenig et al., 
2020; Primpke et al., 2020a, 2020b). 

Subsample size recommendations have been made as 5–10 % of 
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particles (European Commission., 2013), up to 20 particles per 
morphology (Werbowski et al., 2021), 7000 particles total (Brandt et al., 
2021), or 12–50 % of a sample filter (Brandt et al., 2021; El Khatib et al., 
2023; Mintenig et al., 2020). New studies have begun to calculate the 
uncertainty associated with subsampling procedures, e.g. Mintenig et al. 
(2020) reported a coefficient of variance from 0.02 to 0.53 for polymer 
proportions when analyzing 75 % of a filter and De Frond et al. (2023) 
calculated that 75 particles could be used to characterize polymer pro
portions with a summed error of 20 % based on resampling from fully 
characterized samples. Although percent-based thresholds are proposed 
in many studies, Brandt et al. (2021) demonstrated that percent-based 
thresholds had higher error across samples than particle count based 
subsampling, especially for low count samples, suggesting that total 
subsample particle count was the driving force behind statistical error. 
Additionally, from first principles, we can deduce that a sample with, for 
example hundreds of millions of particles, wouldn’t need anywhere near 
the percent based thresholds reported above for adequate character
ization of the major particle types. Therefore we focus this work on the 
absolute particle counts necessary for adequate subsamples. 

Although previous studies have come to similar conclusions about 
necessary particle counts, statistical underpinnings have been 
simulation-driven (Brandt et al., 2021), and there does not exist an a 
priori equation for calculating the appropriate number of particles in 
samples and subsamples for one’s study goals or calculating uncertainty 
due to particle counts. Furthermore, all previous studies have assumed 
univariate inquiry (e.g., all a researcher wants to know is polymer type). 
In contrast, microplastic researchers often want to know the proportions 
of 4 or more particle properties. This type of inquiry requires a correc
tion for multiple comparisons. A priori analysis happens before data is 
collected or in the absence of a complete dataset and is often used in 
power analysis for determining the required sample size to meet study 
uncertainty goals. An a priori approach with deep statistical underpin
ning (Brandt et al., 2021) would allow researchers to budget for sample 
processing costs and personnel time, streamline method development 
priorities, and establish high throughput techniques. 

This study aimed to develop an a priori procedure for quantifying the 
minimum particle count required to characterize microplastic properties 
in environmental samples accurately. To this end, we validate well- 
founded statistical equations for estimating mean proportions using 
real environmental microplastic data and simulations. We use these 
equations to investigate the parameter space for a microplastic sample 
and subsample counts. Based on these equations, we propose an over
arching strategy for collecting representative environmental samples 
and subsampling from collected samples. Lastly, we propose the next 
steps for the field to continue improving representative sampling 
techniques. 

2. Methodology 

2.1. Mathematical foundations and extension 

Establishing estimates of population proportions for a subsample is 
not new and can be effectively applied to the challenges present in 
microplastic research. Statisticians have used such equations for decades 
(Daniel and Cross, 2018). In biostatistics, these equations are primarily 
used to determine appropriate sample sizes for human health surveys. 
Instead of asking humans about their populations, we will ask micro
plastic particles about their populations. The essential foundation for 
estimating sample size begins with the case where the population the 
researcher is sampling from is very large (Eq. (1)). 

SSu = round(
α2 ∗ Pe ∗ (1 − Pe)

E2 ) (1) 

SSu is the uncorrected sample size estimated by the equation. The 
critical value (α) is the two-tailed critical value for the confidence in
terval (typically 95 % with a z-score critical value of 1.96) on the error 

(E). The error is the maximum difference between the true probability of 
the particle type and the subsampled probability. A generally acceptable 
value for this is less than or equal to 0.05. The implications of using this 
value are that the researcher is less likely to observe particle types if they 
are in lower abundance than 5 % of the sample, and the error is roughly 
the confidence interval if the measured value is equal to the expected 
probability (Pe) so differences between proportions of less than 10 % 
may not be significantly differentiated at p < 0.05. The expected prob
ability of the property of interest is typically set to 0.5 (50 %) when there 
is no prior understanding of the likely probability, which maximizes the 
count needed to get the desired error. Most of the time, researchers 
should use 0.5 (or a likely expected probability closest to it from all types 
in the property of interest) since highly variable plastic type proportions 
are reported in the literature, for example, by color (Martí et al., 2020), 
morphology (Guo et al., 2021), and polymer (Erni-Cassola et al., 2019). 
The result is rounded to the nearest integer since fractions of particles 
cannot be assessed. In the case where the population is small, we cannot 
ignore the effects of the population size on the outcome and must 
additionally use Eq. (2). 

SSc = round(
Pop ∗ SSu

SSu + Pop − 1
) (2) 

The uncorrected population size is input to the equation with the 
number of plastic particles expected to be in the sample (Pop). Lastly, the 
result is rounded to the nearest whole number to calculate the corrected 
sample size (SSc). 

Extending these equations further to another use case for micro
plastics research is characterizing multiple microplastic properties 
simultaneously. For example, a researcher may want to randomly (sub) 
sample particles to characterize color, size, polymer, and morphology 
simultaneously. This type of analysis necessitates a correction factor for 
multiple hypothesis tests, and we decided to use the Šidák method 
(Vickerstaff et al., 2019) to calculate an adjusted critical value (αj) (Eq. 
(3)). 

αj = zscore

(
1 − CI

1
g

2

)

(3) 

The confidence interval (CI) is taken to the power of 1 divided by the 
number of groups (g). The rest of the equation proceeds normally for 
calculating the critical value with a two-tailed z-score. Essentially, the 
researcher needs a higher confidence than one test because of family- 
wise errors that can occur when multiple independent tests are per
formed, and all must reach the same confidence. Using this extension to 
the equation is highly conservative because if groups are dependent (e. 
g., the percent of the color blue is correlated with the percent of poly
ethylene) to a high degree, then the multiple tests effect goes down and 
approaches the traditional z-score calculation. To correct for correlation 
between variables, we can adjust the group value (gc) by the level of 
correlation using the Dubey/Armitage-Parmar method (Vickerstaff 
et al., 2019) (Eq. 4). 

gc = g(1− c) (4) 

The number of groups is exponentiated by 1 minus the mean corre
lation between groups (c). This formulation is intuitive because when 
variables are perfectly correlated, the number of groups becomes set to 1 
and when variables are perfectly uncorrelated, the number of groups is 
unchanged. In most cases, a user will not know what the mean corre
lation between groups is until after the data has been collected, in a 
priori cases (the focus of this study) we recommend taking a conserva
tive approach (the approach taken for this study) and setting the cor
relation to zero or not using this adjustment. 

Considering that these equations are not simple to set up, we set out 
to summarize the equation for rough calculations in the field. If we fit 
the proposed values to Eq. (1), we can derive a highly simplified version 
of the sample size equation. 

W. Cowger et al.                                                                                                                                                                                                                                



Ecotoxicology and Environmental Safety 275 (2024) 116243

3

SSsu = E− 2 (5) 

The simplified uncorrected sample size (SSsu) can be estimated using 
the error alone to the negative power of 2. Similarly, this equation could 
calculate the error with a given sample size by taking the sample size to 
the negative one-half power. 

2.2. Environmental validation and simulation parameters 

We validated Eqs. (1)–(3) using simulation and environmental 
measurements. Environmental measurements came from the study Nava 
et al. (2023) of 117 samples of microplastics on the surface of lakes 
worldwide. From each sample, we randomly selected 10–200 (in in
crements of 10) particles and calculated the error for each property of 
the subsample. We took the 95 % quantile of the errors for all properties 
in the sample and then used the maximum of the high absolute errors out 
of the color or morphology values as the input for error to the equations. 
We compared the actual subsample count with the equation-derived 
count by including the default proportion of 0.5, 95 % confidence in
terval, the total microplastic count in the samples, and 2 groups. 

Next, we simulated a realistic range of microplastic samples and their 
polymer distribution, subsampled from them randomly, and derived the 
high absolute error for the polymer distribution of the subsample from 
the sample (Fig. 1). We then input the simulation values for error, 
confidence intervals, groups, and no expected correlation (0) into Eqs. 
(1)–(4) to predict the sample size used in the simulation. Lastly, we 
compared the predicted sample size from the equation to the simulated 
sample size in a 1:1 plot. 

Imagine the diversity of sample polymer distributions that could be 
in the environment. Typically, 2–10 polymer types are found in a sam
ple, and often the polymer abundances are skewed, with 2 or 3 of the 

polymer types being in the highest abundance (Kooi et al., 2021; Kooi 
and Koelmans, 2019; Roscher et al., 2022). Samples can have zero to 
thousands of suspected microplastic particles (Moore et al., 2011). Po
tential subsamples can theoretically range from a single particle to the 
entire contents of the sample. These considerations are similar for 
microplastic polymer, size, color, and morphology quantification. We 
used these facts to set up our simulation scenario (Fig. 1). 

Simulations were conducted in R (RStudio Team, 2020) with ggplot 
(Wickham, 2016), dplyr (Wickham et al., 2020), tidyr (Wickham and 
Girlich, 2022), and data.table (Dowle and Srinivasan, 2020) packages. 
We used a uniform distribution to choose the number of polymers in the 
simulated sample from 2 to 10. We generated Poisson distributed per
centages for the suite of polymer types with a Poisson sampler with 
lambda = 1 and added 1 to all Poisson sampled percentages. Then, we 
transformed the values using the softmax function (divided all values by 
the sum of the values). The sample particles were generated using the 
probabilities of the polymer types as weights in the sample function and 
varying the sample count from 10 to 1,000,000 by order of magnitude 
steps. Subsamples within the simulations ranged from 1 particle to the 
total number of particles in the sample by order of magnitude steps. 
Subsampling was conducted using a uniform sampling distribution (De 
Frond et al., 2023). In practice, the uniform distribution randomly 
samples from all particles, so using the output from this simulation as
sumes that methodology is followed. The percentages for each polymer 
type in the sample were compared to those in the subsample, and the 
high absolute error was derived by taking the absolute difference be
tween the paired polymer type percentages and estimating their 95th 
quantile. This process was repeated 100 times for each pair of sample 
counts and subsample counts. The 95th quantile of the 100 high absolute 
errors for each pair was extracted (error). This simulation was extended 

Fig. 1. The simulation setup. 1) represents a theoretical sample with a population of particle types, 2) represents a subsample from that sample, 3) represents a single 
simulation result and estimation of high absolute error for the particle property based on the 95 % quantile from the absolute differences, 4) shows a probability 
distribution for all simulations and the 95 % quantile was used as the error estimate. 
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to include a subsample that could account for particle size, morphology, 
and color by repeating the same simulation above three additional times 
for each particle subsample pair and quantifying the error. 

3. Results and Discussion 

3.1. Validation results 

We tested the utility of the Eqs. (1)–(4) for estimating common 
composition domains of microplastic samples using simulations (Fig. 1). 
The measured/simulated and calculated estimates for sample size had a 
nearly a 1:1 correspondence for the estimates for single particle prop
erties (e.g., polymers) (Fig. 2). The lack of a perfect fit was because the 
simulations are random and biased toward the microplastic scenarios we 
modeled. The equation output was always conservative leading to 
slightly larger sample sizes than required in most cases (42 % higher on 
average). The ratio between measured and calculated sample counts 
ranged from 0.37 – 1.08 with a mean of 0.70 and a median of 0.71. Only 
1 of the 62 values ended up having an underestimate (by 8 %) from the 
mathematical equation which is within the underestimates expected 
based on 95 % confidence intervals. The estimates for multiple groups 
(red dots and green dots) performed similarly to the single group which 
is evidence in favor of using the adaptations to Eq. (3). 

3.2. Subsampling particle properties 

We explored the parameter space using Eqs. 1–3, altering error from 
10− 5 to 10− 1 by order of magnitude steps, sample size from 101 to 1010, 
and 1 or 4 groups (Fig. 3). The parameter space shows that, in general, 
sample size is less important than high absolute error in estimating the 
subsample size needed, except for when the sample size approaches the 
subsample size when the error trends toward negative infinity. This plot 
could be used to estimate one parameter when others are known. It is 
important to note that error also relates to the confidence interval of the 
proportions in the sample. For example, if the researcher finds 0.5 
proportion of polyethylene in their sample at 0.05 error, then the con
fidence interval for the proportion ranges from 0.45 to 0.55. Similarly, 
particle property proportion differences of less than 10 % might be 
indistinguishable due to the overlap in their potential estimates. The 
confidence interval technically decreases for smaller proportions, but 
this rough guide should be helpful. The error metric can also guide the 

detection limit for low-abundance particle properties. For example, if 
the error threshold is set at 5 %, the subsampling approach may lose 
particle properties in abundances lower than 5 %. Extending the equa
tion to 4 groups simultaneously reveals that slightly higher subsample 
counts would be needed to accurately characterize the proportions of all 
particle properties given the same error and sample size. 

3.3. How large should samples be to represent their compartment? 

All samples of compartments are subsamples. It is typically imprac
tical to sample an entire matrix of interest in a single study due to the 
size of the compartment and the number of plastic particles in it (Eriksen 
et al., 2023). For example, if one aims to estimate the polymer distri
bution of plastic particles in the river flow at a cross-section, a subsample 
must be made (Cowger et al., 2022, 2021). Therefore, one could call 
samples subsamples of the compartments. These equations apply no 
matter the compartment size, a small pond, or the entire earth. 

We can use Eqs. (1) and (3) to determine the number of particles that 
should be in a sample when it is to be representative of a matrix with 
many microplastic particles > 100,000 (within the sample time and 
space domain). Assuming that we want to measure particles with 4 
properties with an error of 5 % or less, we estimate that samples should 
contain 620 plastic particles or more (Fig. 4). If we only care about 
subsampling a single property, we would estimate that we should collect 
at least 384 plastic particles. The minimum error we hope researchers 
ever accept is 0.1 (10 %), requiring 96 plastic particles in samples, and 
would likely still allow significant differences between particle proper
ties with the highest proportions. Increasing error reduction to be more 
robust, e.g., 0.01 (1 %), would require nearly 10,000 particles to be 
sampled. This suggests that high throughput techniques are required to 
advance certainty in microplastic concentrations (Primpke et al., 2020a, 
2020b). These results bound estimates made by Kooi et al. (2021), who 
concluded that 500 plastic particles needed to be measured to estimate 
continuous distributions accurately, and estimates for minimum particle 
counts in other fields such as sediment (Eaton et al., 2019) and pollen 
(Chevalier et al., 2020). 

3.4. Limitations 

The major caveat to these results is that we must representatively and 

Fig. 2. Validation of the equations. Red dots are the estimated number of 
particles needed for a sample based on simulation (x axis) and the mathematical 
formula (y axis) when considering 4 independent groups simultaneously. The 
black dots are the simulated and mathematical values for single groups. Green 
dots are for relations derived using 117 environmental samples from Nava et al. 
(2023) with two groups (color and morphology). The black line through the 
center is the 1:1 line. Simulations and calculations used 95 % confidence in
tervals. Error values varied depending on the subsample size compared to the 
population size and error values from the simulations were used to perform the 
calculations in the equations to estimate the sample size. 

Fig. 3. The total number of plastic particles in the sample (x axis) and number 
of particles needed to subsample (y axis) given the desired amount of error 
(colors) for samples where single groups are being analyzed (circles) and where 
4 groups are being analyzed simultaneously (triangles). This figure can be used 
as a quick reference guide for researchers planning to subsample for micro
plastics. Eqs. (1)–(3) were used to make this figure. The critical value was set to 
1.96 and the expected probability was set to 0.5. All other parameters were 
varied, as shown in the figure. 
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randomly subsample particles from environmental matrices and sam
ples. Acute attention to the randomness is critical here. The particles 
must be randomly sampled from the entire distribution of particles for 
this equation to work correctly. Random sampling of particles will 
preserve the relative distributions of all particle properties (color, shape, 
size, polymer) and will be the best way for most study objectives. 

As a field, we continue to learn how challenging representative and 
random sampling is given the diversity of plastic transport characteris
tics and plastic properties (Astray et al., 2023; Brander et al., 2020; 
Cid-Samamed and Diniz, 2023; Waldschläger et al., 2022). The tradeoff 
between reducing error and researcher effort or research cost is essen
tial, and some samples may be impossible to reach the error threshold of 
5 % we suggested (El Khatib et al., 2023). Range-finding exercises are 
beneficial to combine with the power analysis described in this work to 
assess the feasability of study questions and particle count goals. 

The model proposed here does not include errors from subsampling, 
lab processing, or spectral analysis, which all impact the result of an 
analysis. This model only includes microplastic composition percentages 
and cannot be used to evaluate errors in estimating particle count- 
concentration (Parmar et al., 2023) or continuous distributions (Kooi 
et al., 2021). When presence-absence assessment of potentially rare 
polymeric materials is of interest, it is important to think beyond the 
error described here, which mainly tracks the highly abundant polymer 
types in a sample, and consider the likelihood that a particle will be 
observed in a sample given its abundance (Karlsson et al., 2020; Parmar 
et al., 2023). Future studies should address these limitations using 
appropriate a priori techniques and simulated rigorously to estimate 
complete error budgets (Morgado et al., 2022). Also, it is important to 
note that adding particle groups in Eq. (3) may lead to overly conser
vative sampling because properties may not be completely independent 
of one another, in cases where high correlation between groups is to be 
expected, Eq. (4) can be added. A complementary strategy to estimating 
a priori uncertainty is post hoc uncertainty. One such strategy is to 
collect subsamples until the uncertainty is at the desired limit based on 
the empirical uncertainty (Mintenig et al., 2020). 

3.5. Next steps 

We must apply this theory to new experimental conditions as the 
field develops new techniques (e.g., hyperspectral mapping instead of 
particle picking). For example, applying to particle picking is straight
forward: pick all suspected microplastics and then randomly subsample 
the number of particles from Eqs. 1–3 based on the uncertainty. In 
spectral mapping, continue scanning greater amounts of the filter 
(selected randomly or based on substrate particle distribution) (Thaysen 
et al., 2020) until the number of microplastics necessary from Eqs. (1)– 
(3) has been reached. An in depth exploration into typical expectations 
for the correlations between groups should be explored, this would aid a 
priori analysis by reducing the sample count if correlations between 
groups can be confidently expected. Although large litter and macro
plastic objects were not this manuscript’s primary focus, we expect these 
equations to readily apply to the study of anthropogenic litter and hope 
that new advancements continue to be made to improve sample size 
estimation in that field (De Lange et al., 2023). We also want to point out 
that some freely available online calculators are beneficial for calcu
lating sample sizes, confidence intervals, and other a priori metrics for 
estimating mean proportions (Brooks). 

4. Conclusions 

Our findings suggest that one can reliably (sub)sample and that the 
error between the subsample and the sample particle types will be 
determined, at least partially, by the initial and subsample counts. Re
searchers should use a priori statistical approaches to inform study 
design and assess study results based on particle counts in samples and 
subsamples. Subsampling savings in cost and time should generally be 
proportional to the proportion of subsample size of the sample size. We 
described a strategy to assess uncertainty in characterizing particle 
properties within a matrix and determine the minimum microplastic 
particle counts they should have in their samples based on their study 
goals. We provide helpful figures for researchers to use as a quick 
reference and suggest that no fewer than 96 microplastic particles be in 
samples or subsamples for quality data analysis and study design. This 
foundation provides grievance to the fact that many studies today have 
fewer particles in samples and, therefore individual samples likely 
poorly represent true microplastic properties. Last, we demonstrate that 
no more than 620 microplastic particles are needed for typical study 
designs in microplastic research today. This a priori approach is gener
ally in agreement with findings from previous works. It establishes a 
statistical foundation for determining necessary microplastic counts in 
(sub)samples based on any desired uncertainty level. 
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Fig. 4. The sample size needed to attain a error derived from the mathematical 
equations proposed in this study. The yellow line is the single group data while 
the black line is for samples with 4 groups. The red vertical line is at 0.05 and 
denotes our suggested minimum error. This figure can be used to quickly 
reference how many particles a sample should have when it is taken from a 
large population of plastic particles (> 100,000) e.g., a river, if it is to be 
representative. At the threshold proposed in this study of 0.05 error, there 
should be 384 particles in each sample when studying single groups, and for 
studying 4 groups, there should be 620 particles in the sample. Eqs. 1–3 were 
used to make this figure. The critical value was set to 1.96 and the expected 
probability was set to 0.5. All other parameters were varied as shown in 
the figure. 
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