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ABSTRACT: Current methods of characterizing plastic debris use arbitrary, predetermined categorizations and assume that the
properties of particles are independent. Here we introduce Gaussian mixture models (GMM), a technique suitable for describing
non-normal multivariate distributions, as a method to identify mutually exclusive subsets of floating macroplastic and microplastic
particles (latent class analysis) based on statistically defensible categories. Length, width, height and polymer type of 6,942 particles
and items from the Atlantic Ocean were measured using infrared spectroscopy and image analysis. GMM revealed six underlying
normal distributions based on length and width; two within each of the lines, films, and fragments categories. These classes differed
significantly in polymer types. The results further showed that smaller films and fragments had a higher correlation between length
and width, indicating that they were about the same size in two dimensions. In contrast, larger films and fragments showed low
correlations of height with length and width. This demonstrates that larger particles show greater variability in shape and thus plastic
fragmentation is associated with particle rounding. These results offer important opportunities for refinement of risk assessment and
for modeling the fragmentation and distribution of plastic in the ocean. They further illustrate that GMM is a useful method to map
ocean plastics, with advantages over approaches that use arbitrary categorizations and assume size independence or normal
distributions.
KEYWORDS: microplastic, macroplastic, plastic debris, Atlantic ocean, mixture models
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pellet, line), some of which are rather arbitrary.7,8 These
methods effectively describe and visualize characteristics of
marine plastics; however, they are limited in providing
quantifiable information on the heterogeneity within predetermined categories or size. Microplastic is a very diverse
contaminant, but most studies fail to provide data on the
material’s true multidimensionality and heterogeneity.9 Furthermore, methods used for data sampling and analysis in the

INTRODUCTION

The persistence of plastic debris in the environment
constitutes a threat to a multitude of life forms existing in
the environment, including humans.1,2 This concern has given
rise to numerous research initiatives that aim to map the
amount, characteristics, and behavior of plastics that leak or
have already leaked into the environment.3 Simultaneously, the
potential risk associated with marine debris, including that of
particles with a length smaller than 5 mm, also called
“microplastics”, has sparked policy initiatives worldwide aiming
to reduce plastic littering.4−6
In current research, data on plastics is often presented in the
form of predetermined categories of a qualitative nature;
descriptive categories of polymer type (e.g., polyethylene (PE),
polypropylene (PP) or polystyrene (PS)), size (nanoplastic,
microplastic, macroplastic), and shape (fragment, film, foam,
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Figure 1. Plastic concentration per sample (particles/L) along our sampling route. The green color marks samples used for present GMM analysis.
Red color marks samples not considered suitable for the GMM analysis, due to inconsistent sample conditions.

relatively young field of plastic research are fragmented,
making it hard to compare and contrast available data.9−13
A unified method of sampling and analysis is needed that
provides a way to describe data while providing quantifiable
information. Kooi and Koelmans (2019) have taken a first step
in building new best practises.10 They propose to move away
from the sole use of discrete classifications and to map the
characteristics of plastics through continuous distributions.10,12
Besides capturing the heterogeneous multidimensional nature
of plastics, parametrizations of these distributions allow for
comparison between studies, irrespective of laboratory or
sampling setups, and will be helpful in probabilistic risk
modeling.10,9,14−18
However, to date such analysis only considered microplastics, which is a size category, and assumed size, shape, and
density to be independent. A next step is to examine whether
this assumption of independence holds, what distributions look
like for a size range larger than that of microplastic and to
validate Kooi and Koelmans’10 findings on a larger data set
without using precalculated shape coefficients.
Gaussian finite mixture modeling (GMM) is a method used
in other disciplines to build typologies, taxonomies, and
classifications based on a set of (potentially correlated)
measured characteristics.19 Over the past decade GMM has
grown in use across several disciplines as a general modeling
tool that accounts for heterogeneity in data, which only
occasionally has been used in the natural sciences, e.g., for
facies mapping from binary geological data,20 or to identify
patterns of multiple co-occurring exposures to polycyclic
aromatic hydrocarbons.21 It is useful for describing non-normal
distributions of particle dimensions as a mixture of normal
distributions. Simply put: the observed distribution, which is

not normal, is modeled as a blend of several overlapping
distributions, which are normal. The properties of these
underlying normal distributions−means, standard deviations,
and correlations−can be interpreted in the usual way, which
offers a more nuanced understanding of the prevalence and
properties of ocean plastics than descriptive statistics of a nonnormal distribution.
The present study applies GMM to a data set of n = 6942
particles, ranging between 1 mm and 137.8 mm in length,
obtained during a cruise on the North Atlantic Ocean. The aim
of this paper is to map distributions of size, operationalized in
terms of length and width, and shape, as close to reality as
possible, looking only at our measured properties. We did not
include color as a property, because color is less relevant to the
mechanisms that determine the exposure and effects of plastic
particles.22 We make use of our entire data set without
discriminating between size classes. Importantly, our extensive
data set and the use of GMM allows for correlation testing
between size, shape, and polymer type. Correlations are
assessed through the mixture modeling process by assigning
each particle to a probability of belonging to each of those
underlying normal distributions. This results in a latent
classification of particles with similar length and width. The
different classes can be compared with respect to auxiliary
variables, for example, to determine whether polymer type
differs across classes, or whether smaller particle length
correlates with smaller particle width. With this analysis, a
mixture model of normal distributions is constructed based on
the latent classes detected, and its merits are discussed in the
context of ocean microplastic fate modeling and risk
assessment. Although not our primary aim, we also provide
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of “foam” and “pellet”; however, these were reclassified under
fragment, due to limited abundance (respectively 0.2% and
0.05% of all particles).
In most cases, the difference between organic matter and
plastics was clear. Only film was less clear, as some seaweed
produces a material with visual characteristics similar to
plastics. To confirm our findings, all plastics of the 20 selected
subsamples were identified using infrared spectroscopy (detailed below).23 For these samples, the visual method turned
out to be rather accurate. Only 2% of the particles were
identified as “other than plastic” or “NR” (not recognized by
infrared spectroscopy).
Laboratory Analysis. In the laboratory, cotton lab coats
were worn and equipment and lab surfaces were wiped. Each
sample was weighed, and an analysis was applied to identify
polymer type and particle size (length, width, and, where
possible, height) on an individual particle basis. (Table S2,
Table S4).
Polymer Type. Given the high number of particles,
efficiency was maximized by using a combination of
spectroscopic techniques; near infrared spectroscopy (NIR)
and Fourier transform infrared spectroscopy with attenuated
total reflection (ATR-FTIR). Principles of plastic detection
with NIR are described in numerous scientific papers (e.g., refs
26−28). NIR is fast and accurate enough for the larger
particles and items (>1.5 mm). ATR-FTIR is more laborious
yet more accurate for smaller particles and film, which the NIR
technique could not recognize. Black particles were excluded
from IR analysis. NIR analysis was performed using sIRoPad
GUT 04e (GUT Environmental Technologies) and IoSys sIRo
(Dr. Timur Seidel e.K) NIR measurement systems for the
absorption spectrum in the range of 12,500 to 4,000 cm−1.
After NIR analysis, particles were categorized per sample, per
polymer type, and photographed for image analysis (detailed
below). Particles not recognized by NIR (n = 135, mostly film
and particles <1.5 mm) were analyzed separately using a
Bruker ATR-FTIR Compact spectrometer ALPHA II, for the
absorption spectrum in the range of 700 to 4,000 cm−1. Given
that ATR-FTIR is laborious, a random subsample of 50
particles was photographed and analyzed for samples exceeding
more than 50 particles. Before each measurement, particle
surfaces were cleaned with ethanol. Spectra were produced
with six scans, and analyzed with the OMNIC Picta Software
(Thermo Fisher Scientific), comparing spectra with multiple
polymer libraries (Table S5).
Particle Length, Width, and Height. Data on length
(maximum Feret diameter) and width (minimum Feret
diameter) were obtained through image analysis using
ImageJ.29 The superiority of Feret’s diameter as a proxy of
size compared to bounding rectangle dimensions was
demonstrated by testing 6 particles with differing positions
10 times using ImageJ’s manual measurement tool and
comparing mean results per particle with the three parameters
(Table S6). Different shape classes required different analysis.
Lines are often twisted, therefore it is difficult to measure their
length directly. To approximate length, we divided the
measured area of lines by their width (mean = 0.65 mm, SD
= 0.18 mm, range 1.1 mm, N = 47). The approximate height
(mean = 0.009 mm, N = 10) of film was considered
neglectable, and thus film is accurately described by the
Feret length and width. For small fragments (all dimensions <5
mm), we were able to measure only Feret length and width, as

■

METHODS
In line with open science principles, all data and code for these
analyses are available in a reproducible repository at https://
github.com/cjvanlissa/lise_microplastics.
Sampling Locations, Sampling Method, and Quality
Control. Plastic particles were collected during a cruise from
04/2018 to 06/2018 traversing the Atlantic Ocean from South
Africa (Cape Town) to Norway (Stavanger). A total of 40
samples has been collected, of which 20 were in the South
Atlantic and North Equatorial Current and 20 were in the
remaining part of the North Atlantic (Figure 1). To this end, a
500 μm meshed Manta Trawl with an aperture of 15 × 85 cm
was towed outside the wake of the ship for 1 h each day (when
weather circumstances allowed). Wind speed, boat speed, and
sea state were recorded during all samplings (Table S1).
Maximum boat speed for reliable sampling was set at 5 knots
an hour.
After each tow, the net was taken out of the water and rinsed
with unfiltered seawater from the outside of the opening
toward a detachable 500 μm cod-end, its content being
emptied in a bucket and filtered through a 1 mm sieve to allow
for visual inspection.23,24 The lower limit for particle detection
was therefore 1 mm. For the targeted particles sizes >1 mm,
background contamination can be considered negligible. From
the sieve, particles were picked by hand aided by tweezers and
magnifying glasses. Sometimes the net was obstructed by
seaweed, jellyfish, or Syphonophores. In this case the full
content of the manta net was placed in a bucket, after which
we manually sorted through all seaweed, carefully placing each
piece in seawater and checking thoroughly for remaining
plastics before discarding. The sieve was always rinsed in a
bucket of seawater, from which remaining particles were
collected. After sieving and manual sorting, particles were dried
and separated from organic matter by visual inspection,
counted, and photographed. Hereafter, they were packed in
either paper or aluminum foil and stored cool and dry to avoid
biofouling and contamination. Particle number concentrations
and mass concentrations were calculated. Sample volume (≈
600 m3) was calculated as width of the trawl × sampled height
underwater × sampled distance.25
For further analysis we selected 20 samples, the majority
being from the center of the North Atlantic gyre and a
minority from the North Atlantic Current and the North Sea
(Figure 1). These had the highest relative abundancy, highest
sample density, and highest reliability, controlling for external
influences of sea state, wind state, and boat speed (Table S1).
Because the sampling is done over a large area over a long
period of time, with varying meteorological conditions (see
Table S1), space-time differences are averaged out, and the
pooled microplastic sample can be considered as a
representative sample of the space-time variable population
of microplastics on the ocean surface in the area.
When modeling the dimensionality of particles, it is
important to consider inherent differences in the dimensions
of different particle types. Therefore, particles were classified
into several distinctive shape categories: “line”, “film” and
“fragment”. Lines are defined as long, but with a relatively
small and constant diameter. Films vary substantially along
length and width, but are relatively flat (<0.5 mm). Fragments
vary along all dimensions. Initially, we also used classifications
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Figure 2. Particle concentration per sample (histogram) and mass concentration (yellow data points). Largest concentrations are found in the
center of the North Atlantic (20°N−50°N), lower concentrations are found the North Atlantic Current (51°N−56°N), and in the North Sea
(58°N). The outlier in mass concentration was caused by a bottle cap.

height of particles cannot be obtained from 2D images. For
larger particles, we additionally measured height using a ruler.
For the NIR analysis, particles were photographed per
resulting class of polymer type, therefore data on length, width,
and height could be linked to polymer type on a particle basis.
For the ATR-FTIR analysis, an image was acquired first, after
which the ATR-FTIR analysis was conducted following the
exact order of particle position on the photo; hence, length and
width could be linked to polymer type and organic matter
could be extracted. Particles that were not included in the
subsamples used for the ATR-FTIR were photographed and
analyzed separately on length and width. For all particles,
shape category (line, film, fragment) was determined again
through visual inspection of the photographs used for image
analysis (Figure S1). Here, film was distinguished from
fragment by looking at the solidity of a particle: a solid
particle was classified as fragment, whereas a nonsolid seethrough particle was classified as film.
ImageJ particle analysis was automated using the ImageJ
Macro Plugin created by Mutterer & Rasband.30 To enable
automation, all photos were taken with a tripod with
standardized conversion of 13 pixels per mm, determined
through manual measurement in ImageJ of a photographed
scale (ruler). In total, for all 6942 particles data on length,
width, and shape category was obtained, of which 4841
particles could be linked to their respective identified polymer
type.
Quality assurance and control (QA/QC) was evaluated and
is provided as Supporting Information.
Data Analysis (GMM). Prior to GMM analyses, we
removed outliers separately for particles in the three categories:
lines, films, and fragments. For lines, outliers were identified as
cases with an absolute standardized value >3 SD for length.31
For films and fragments, outliers were identified as having a
Mahalanobis distance >13.82 for length and width.32
The GMM analyses represent the observed data on length
and width as a mixture of several multivariate normal
distributions. The number of multivariate normal distributions

used corresponds to a predetermined number of unobserved
latent classes, which ranged from one (corresponding to the
assumption of multivariate normality) to a maximum of five in
our analyses. The GMM simultaneously estimates the
multivariate distributional properties (mean, standard deviation, and covariance) of each class, and the probability that
each particle belongs to each of these classes. The results of
this analysis thus consist of maximum likelihood estimates of
the descriptive statistics of multivariate normal distributions for
each class, as well as a posterior classification probability
matrix. The latter can be used to determine class separability.
After the GMM analysis, several auxiliary analyses were
performed. As observed height was only assessed for particles
with one dimension exceeding 5 mm, it could not be included
in the GMM. We did, however, explore relationships of the
GMM classes with observed height as a distal outcome.
Similarly, we explored relationships of length and width with
polymer type.
Strategy of GMM Analysis. To account for the differences
in particle dimensions, we used a stepwise plan of analysis: (a)
analyze the three shape categories separately, using only the
dimensions relevant for each category, (b) determine the best
GMM model and number of classes with subsequent normal
distributions for each dimensionality category, (c) create a
joint GMM model, with number of classes and starting values
based on step (b). We used starting values for the
dichotomous indicator variables (dummy variables) to ensure
lines and films are assigned to the correct classes. Because for
lines there is one dimension (length), we conducted univariate
mixture models, focusing on the dimension of length,
estimating 1−5 classes with varying means and variances.33
Because for f ilm there are two dimensions (length and width),
we conducted bivariate mixture models of length and width,
estimating 1−5 classes. We compared models with varying
means and variances, to models that also included varying
covariances. For the remaining particles ( f ragments), we
conducted the same bivariate mixture models as for film,
analyzing the length and width of particles. The correct
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Figure 3. Comparison of mixture models for the length of lines (value; mm), estimating 1 to 5 classes with varying means and variances. Headers
indicate the number of classes used in the mixture model. A 2-class solution is chosen, which shows one class of smaller lines, and one class of
significantly larger lines. Large lines show a relatively high abundance.

■

RESULTS AND DISCUSSION
Plastics in the North Atlantic and North Sea. We
observe high particle abundancy in a few samples, when
crossing right through the middle of the center of the North
Atlantic (close to the Azores) and lower concentrations in the
North Atlantic Current and the North Sea (Figure 2). Highest
concentrations were 1.5 particles/m3 and lowest concentrations were 0.009 particles/m 3. An outlier in mass
concentration was caused by a bottle cap (Figure 2).
Differences in abundancies may be explained by the tendency
of plastics to concentrate in the center of a gyre, making
sample location of great influence to results.40 Besides,
abundancies can be influenced by differences in favorable sea
state conditions, which ranged from smooth to rough (Table
S1).41 Indeed, rougher seas, more wind and high towing speed
cause the net to destabilize, and buoyant particles can be
pushed down and missed by the net.42−44 We experienced
most favorable sea state conditions in the center of the North
Atlantic, and less favorable conditions in the surrounding
currents, which might influence the large differences in
abundancies found (Table S1).
The vast majority of particles (81.9%) in our selected 20
samples fall into respectively the <5 mm “microplastic” size
class category, and are classified for the largest part as
fragments (80.5%) followed by film (12.3%) and line (7%)
(Table S3). For polymer type, most particles were PE
(polyethylene, 88%), followed by PP (polypropylene, 10.5%),
and category “other” (0.7%) (Table S2). This last category
contained particles identified as PS (polystyrene), PVC
(polyvinyl chloride), PET (polyethylene terephthalate), PVA
(polyvinyl acetate) and polyolefin (Table S4). Other studies
report similar observations regarding the dominant prevalence
of microplastics, fragments, PE, and PP among ocean
plastics.42,45−49 However, other studies report higher amounts
of foam and pellet than we found, and lower amounts of film

number of classes for each category was determined based on a
combination of five criteria. We preferred models with a lower
Schwarz’s Bayesian information criterion (BIC) and a
significant bootstrapped likelihood ratio test compared to
models with a smaller number of classes, whose minimum
posterior classification probability ideally did not fall below
0.90 (but note one exception), and whose smallest class
contained at least 10% of the sample.34 Class separability was
determined based on the entropy of the posterior class
probability matrix, normalized from 0 to 1 (1 standing for
perfectly separated classes), where useful outcomes for these
criteria were complemented with visual inspection of the
solutions. To combine the models for lines, f ilms, and
f ragments, we estimated a six-class mixture model. Six classes
were used because analysis of the three categories of particles
revealed that a two-class solution best fit the data from each of
those categories. To evaluate overall fit, these three models
with each two classes were combined into one overall model.
Based on the classes obtained for each dimensionality category,
we used dummy variables to restrict potential class membership for the three categories to two classes each. Parameters
involving width were not estimated for line classes. To account
for nonindependence of observations due to the clustered
sampling (i.e., observations originating from the same haul of
the net), we used a sandwich estimator for the standard errors.
GMM models were conducted and reported in R using the
tidyLPA package,35 and models were estimated in Mplus.36,37
Subsequently, we assessed correlation between length,
width, and polymer type by looking at the standardized
covariances across the distinguished classes within the separate
models. For this, we used the three-step method by Bakk &
Vermunt, 2014 (for the general method, see Asparouhov &
Muthén, 2014).38,39 Three-step methods first estimate the
mixture model, and then use the posterior classification
probabilities to obtain unbiased estimates of differences
between classes in auxiliary variables.
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Figure 4. Mixture model of fragments with free means and variances, and fixed covariances. A 2-class solution shows a large class with a length that
is relatively equal to width (strong correlation), and a smaller class with a length that is substantially different from width (weak correlation),
indicating heterogeneity of shape for large fragments, and homogeneity of shape for small fragments. Length and width in mm.

and line. Similarly, studies researching the vertical distribution
of ocean plastics or beach plastics indicate that a higher variety
of particles might be prevalent in our ocean waters than only
buoyant types (PE and PP) as these so-called high density
types have a higher chance of sinking down over time, hereby
being missed by surface trawling nets.24,7,50
Length shows a right skewed bimodal, and width shows a
multimodal density distribution (Figure S2 and Figure S3).
The bimodality and multimodality in our density distributions
complicate correlation analysis, hence our decision to separate
analyses for line, film, and fragment and to work with GMM.
The majority of our data for length falls within 1−10 mm, with
a maximum of 89.05 mm and a median of 2.59 mm (SD =
6.56). For width, we find a minimum of 0.2 mm, maximum of
16 mm, and median of 1.56 mm (SD = 1.28).
Separate Gaussian Mixture Models for Each Dimensionality Category. Lines. For lines univariate mixture
models were conducted, focusing on the dimension of length,
estimating 1−5 classes with varying means and variances
(Table S7). According to the BIC, a 3-class model fit best.
However, the difference in BIC with the 2-class model was
trivial, and the entropy of a 2-class solution was much higher.
Most importantly, visual inspection of the solution (Figure 3)
revealed a bimodal distribution. We thus chose a 2-class
solution (Table S7).
Film. For film, we conducted bivariate mixture models of
length and width, estimating 1−5 classes. Models with varying
means and variances, were compared to models that also
included varying covariances. BIC values hardly differed
between the models with fixed and free covariances (Table
S8). We thus prefer the simpler models with fixed covariances.
Furthermore, BIC showed a substantial drop from the 1- to 2class solution, followed by a smaller drop to the 3-class

solution, after which the decrease stabilized. Entropy was
higher for the 2-class than for the 3-class solution, indicating
that the two classes were more clearly separable. Visual
inspection of the solutions (Figure S4, Figure S5) was
inconclusive. Per Occam’s razor, we thus retained the simpler
2-class solution (Table S8).
Fragments. For fragments, we conducted the same bivariate
mixture models as for film, analyzing the length and width of
particles. Similar to the models for film, BIC values hardly
differed between the models with fixed, and free covariances
(Table S9). We thus prefer the simpler models with fixed
covariances. Furthermore, BIC showed a substantial drop from
the 1- to 2-class solution, after which the decrease stabilized.
Entropy was higher for the 3-class than for the 2-class solution;
however, the lowest posterior classification probability is
smaller than 0.80 and the smallest class only contains 5% of
the data. This indicates that a three class solution is not
preferable over a 2-cass solution. Visual inspection of the
solutions (Figure S6) were inconclusive. Again, per Occam’s
razor, we thus retained the simpler 2-class solution (Table S9,
Figure 4).
Classifying Floating Marine Debris through Gaussian
Mixture Modeling. To combine the models for lines, films,
and fragments, a six-class mixture model was estimated. Based
on the above results, potential class membership for the three
categories was restricted to two classes each. The resulting
model discriminated well between classes (Entropy = 0.94,
posterior classification probabilities [0.82, 0.99], Akaike
Information Criterion (AIC) = 42760.41, BIC = 42945.24).
The model parameters provide the features of the six mutually
exclusive and exhaustive “latent” classes in which each of the
individual particle samples from the North Atlantic can be
classified (Table 1).
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Table 1. Combined Modela
Parameter

Value (mm)

95% CI

Mlength
s2length
Mlength
s2length
rlength,width
Mlength
Mwidth
s2length
s2width
rlength,width
Mlength
Mwidth
s2length
s2width
rlength,width
Mlength
Mwidth
s2length
s2width
rlength,width
Mlength
Mwidth
s2length
s2width

9.32*
19.87*
32.36*
312.35*
0.86*
2.95*
1.81*
1.70*
0.63*
0.08*
9.29*
5.60*
14.11*
7.89*
0.91*
2.21*
1.55*
0.63*
0.31*
0.15*
5.29*
3.44*
5.36*
1.35*

[8.20, 10.44]
[10.08, 29.65]
[29.66, 35.06]
[247.17, 337.52]
[0.84, 0.88]
[2.63, 3.26]
[1.57, 2.05]
[1.25, 2.15]
[0.49, 0.76]
[0.05, 0.12]
[8.50, 6.12]
[5.08, 6.12]
[8.68, 19.55]
[5.25, 10.54]
[0.88, 0.94]
[1.93, 2.48]
[1.36, 1.73]
[0.32, 0.95]
[0.15, 0.46]
[0.07, 0.23]
[4.69, 5.89]
[3.15, 3.73]
[−2.56, 13.28]
[0.91, 1.80]

Article

classes, they are standardized differently because the variances
are freely estimated across the two classes. Thus, for films and
fragments, we observe different standardized covariances (i.e.,
correlation coefficients) between length and width in the two
classes. These correlation coefficients inform us about the
(two-dimensional) shape of particles. High correlations
indicate that particles have a similar length and width, whereas
low correlations reflect particles that are considerably longer
than they are wide.
For films and fragments, these correlations between length
and width were stronger in the classes with smaller particles
than in the classes with larger particles. This implies that small
films and fragments are approximately equally wide as they are
long. By contrast, the correlation between length and width
was near-zero for large films (r = 0.09), and moderate for large
fragments (r = 0.43). These low correlations indicate that
larger films and fragments show substantial heterogeneity of
shape.
Observed Height. First, we examined the prevalence of
observed height measurements for particles over 5 mm across
the six particle classes, based on most likely class membership.
We found that only 5 particles with observed height were not
classified as large f ragments (larger than 5 mm). Consequently,
we analyzed observed height only for particles classified as large
f ragments. For these particles, we found that length was
uncorrelated with height, r < 0.01, and width had a small
correlation with height, r < 0.24. Along with the aforementioned lower correlation between length and width, this low
correlation with height again reinforces the notion that larger
particles display greater heterogeneity in shapes.
Polymer Type by Class. Using the three step method by
Bakk & Vermunt 2014, we found significant differences across
classes for all three polymer types, with all χ2(5) > 95.42, ps <
0.001. The resulting distribution of polymer types by class is
displayed in Figure 5. It appears that PE dominates polymer
distribution in all of the classes, which is not surprising

Class
Line 1 (N = 289)
Line 2 (N = 195)
Film 1 (N = 714)

Film 2 (N = 139)

Fragment 1 (N = 4338)

Fragment 2 (N = 1267)

a

M: Mean; s2, variance; r, correlation. * = p < 0.001.

Length, Width, and Shape Category. The results indicated
that, for all three shape categories, two classes could be
distinguished, resulting in a total of six classes (Table 1, Figures
3, 4, and S4). For all shape categories one class with smaller
means and variances was found, and one class with larger
means and variances. For films and fragments, we were
additionally able to estimate covariances in these classes.
Although the covariances were fixed to be equal across the two

Figure 5. Proportion of polymer types by latent class. There are significant differences across all classes for all three polymer types, implying that
the classes differed significantly from one another with respect to polymer composition.
15558

https://doi.org/10.1021/acs.est.2c03559
Environ. Sci. Technol. 2022, 56, 15552−15562

Environmental Science & Technology

pubs.acs.org/est

considering that PE constitutes 87% of all polymers within our
data set.
General Discussion and Prospect. Benefits of GMM.
Our analyses suggest that the uni- and multivariate prevalence
of ocean plastics is better described by a mixture of
(multivariate) normal distributions than by a single (multivariate) normal distribution. Mathematical models of ocean
plastic prevalence should take this deviation from (multivariate) normality into account. Simulating particle distributions from a mixture of Gaussian distributions, with parameters
and proportions informed by GMM analyses, would be a
computationally efficient and easy to understand way to
account for this deviation from normality.
GMM has added value compared to basic correlation
analysis. The advantage is that simple correlation analysis does
not do justice to the fact that the correlation between
dimensions can be different for particles of different size. If all
data are lumped together you find average correlations; if you
split using GMM you can detect that the correlation depends
on the size of the particle. Our analysis indeed shows that size,
shape, and polymer type of ocean plastics are not independent.
For films and fragments, we found high correlations between
length and width for classes of smaller particles, and low
correlations for classes with large particles, indicating that
shape of particles is significantly correlated with size. We
demonstrate that larger particles show relatively more
heterogeneity in shape, while smaller particles are more
rounded, i.e., more cubical or spherical shaped. This is
consistent with known breakdown mechanisms for rock
particles like chipping and fragmentation.51 Chipping occurs
at relatively low impact energies and includes shallow cracking;
this process rounds off particles in a general way.
Fragmentation occurs through catastrophic rupture due to
fracture growth in the bulk, which requires high impact
energies and produces angular shards.51 These findings
illustrate how GMM can be used to assess the likelihood of
degradation mechanisms. From a polymer chemistry and
manufacturing point of view, it is further recommended to
explore how GMM methods can link size, shape, and polymertype correlations to properties of plastic products in general.
Limitations. However, some limitations can be noted. We
initially conducted separate analyses for lines, which vary
primarily along the length dimension, films, which vary
primarily along the length and width dimensions, and
fragments, which vary in all three dimensions. Films, by
definition, have limited variability in height. Thus, their shape
is adequately described by the correlation between length and
width. Fragments vary in height, but we had only limited
measurements of height. We therefore cannot make definitive
claims about the three-dimensional shape of fragments.
Moreover, our height measurements were biased, because
data was primarily missing for smaller particles. Extrapolating
from the very high correlation between length and width (r <
93) observed in small fragments, we speculate that, for small
fragments, the correlation of these dimensions with height will
also be large. Future research should investigate whether small
fragments are indeed approximately coextensive in three
dimensions. For large fragments, correlations of height with
length (r < 01) and width (r = 0.24) were small, which
indicates that these fragments show substantial variability in
three-dimensional shape. More generally, the present findings
are constrained by the sampling and measurement methods
used. Our results might overestimate the concentration of
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(smaller) particles, as particles are brittle and break easily
during laboratory analysis. Furthermore, future work may
improve the shape and polymer characterization approaches
and should extend the size range to smaller as well as larger
scale. Smaller fractions than the 1 mm studied here are also
very interesting for the microplastics community, as the
bioaccessibility and effects of microplastics can increase when
particles are smaller.9,12,16,18 The method introduced here
could therefore be applied to smaller microplastics, and
nanoplastics, but also macroplastics for which we have already
been able to cover sizes up to 9 cm. This makes it possible to
see to what extent the current conclusions apply to the size
ranges that we have not explored here, which will lead to an
increasingly better understanding of the nature of environmental plastics across size scales.
Advancing the Risk Assessment of Microplastic Particles.
Risk assessment requires that the description of the particle
properties remains as close as possible to how the properties of
microplastic mixtures occur in nature. Our results provide
mutually exclusive classes of particles based on a statistical
analysis of empirical data. The latter implies that, after the
initial categorization of particles into line, film, and fragment,�a process that is necessary considering the inherent
differences in shape dimensions between the categories�the
classification is retrospective, remains completely true to the
material as it occurs in nature, and can be considered unbiased.
These actual classes contrast with the current public and
academic focus on predetermined categories such as those
referred to as for instance microplastics, mesoplastic, and/or
macroplastic.7 The term “microplastic” puts a rather subjective,
random, and exclusive limit on particles with a length smaller
than 5 mm. Our analysis reveals that statistically meaningful
classes of particles range beyond the arbitrary 5 mm cutoff.
These particles are likely to have similar types of harmful
effects on marine organisms as “microplastics”, as long as they
are ingestible.9 Recent work has suggested that food dilution is
a relevant effect mechanism for plastic particles and this
mechanism is not likely to be less relevant for a 6 mm particle
compared to a 5 or 4 mm particle.9,15,22 Retrospective risk
assessments can be based on factual distributions that are
categorized afterward. We focused on micro- and mesoplastics
as they have the highest risk profile with regard to biota uptake.
However, the same GMM methods could be applied to wider
size ranges. This would affect the models as such: other and
more latent classes would be obtained, with different
parameters. Follow-up studies can build on this, e.g., by
applying the presented method to macroplastic particles and
items larger in size.
The here outlined approach can be compared with that of
Kooi and Koelmans,10 who provided a hybrid of retrospective
and prospective assessments of classes of particles. They
retrospectively analyzed particle size distributions based on
empirical data from literature which however were not detailed
enough to allow for subclassification. For shape and polymer
identity, however, a prospective approach was used. A priori
knowledge on shape categories and polymer identities of
microplastic particles was combined with known average
relative abundance data in order to create particle classes,
which were combined to construct overall distributions.10 In a
way this is the reversed procedure of our present analysis,
where latent classes of particles are calculated back from
known distributions of characteristics. With the earlier
approach, however,10 correlations among characteristics
15559

https://doi.org/10.1021/acs.est.2c03559
Environ. Sci. Technol. 2022, 56, 15552−15562

Environmental Science & Technology

pubs.acs.org/est

■

could not be taken into account, whereas the distributions
remained within the microplastic size range of 1 μm to 5 mm.
The difference between the two procedures may also relate to
the type of risk assessments in which they could be applied.
Retrospective risk assessment for plastic debris would consider
as much as possible the full realism of particles, exposed
organisms, and site characteristics for which the assessment has
to apply given the problem definition of the assessment.15
GMM models could play a relevant role in such assessments by
defining what are the relevant groups of particles that should
be taken into account. Prospective risk assessments would not
necessarily be site specific and could be more generic, which
implies that a priori definition of particle groups could apply in
many cases.
Application of Gaussian mixture models in probabilistic
retrospective risk assessments would imply Monte Carlo
simulations where the multidimensionality of microplastics is
captured by repeated random sampling of values for microplastic characteristics (e.g., length, width, size, polymer
identity) from the mixture of (multivariate) normal distributions. Such an overall distribution would take the shape
k

p(x) =

ni
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1
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where p(x) is the probability density function for particle
characteristic x (for instance particle length, width, or length/
width), k is the number of classes taken into consideration
(e.g., k = 6, see Table 1), ni is the number fraction of particles
in class i, si is the standard deviation for class i, and Mi the
mean of the distribution for class i. The number fraction of
particles in class i is calculated as ni = Ni/Ntotal, with Ni being
the number of particles in class i, and Ntotal being the total
number of particles in all classes taken into consideration.
Parameter values for k, Ni, Ntotal, Mi, and si are those as
provided in Table 1. Since the errors in these parameters are
known (Table 1), uncertainty in the parameters can also be
taken into account probabilistically. As recently demonstrated,
having mathematical equations for ecologically realistic
mixtures of microplastics (i.e., eq 1) offers great opportunities
to quantify and align the ecologically relevant metrics (ERMs)
used in microplastic risk characterization.9,11,12,14−18
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