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Abstract

Despite the urgent need for accurate and robust observations of microplastics in the marine environment
to assess current and future environmental risks, existing procedures remain labour-intensive, especially
for smaller-sized microplastics. In addition to this, microplastic analysis faces challenges due to
environmental weathering, impacting the reliability of research relying on pristine plastics. This study

addresses these knowledge gaps by testing the robustness of two automated analysis techniques which
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combine machine learning algorithms with fluorescent colouration of Nile red (NR)-stained particles.
Heterogeneously shaped uncoloured MPs of various polymers—polyethylene (PE), polyethylene
terephthalate (PET), polypropylene (PP), polystyrene (PS), and polyvinyl chloride (PVC)—ranging from 100
to 1000 um in size and weathered under semi-controlled surface and deep-sea conditions, were stained
with NR and imaged using fluorescence stereomicroscopy. This study assessed and compared the
accuracy of decision tree (DT) and random forest (RF) models in detecting and identifying these weathered
plastics. Additionally, their analysis time and model complexity were evaluated, as well as the lower size
limit (2 — 4 um) and the interoperability of the approach. Decision tree and RF models were comparably
accurate in detecting and identifying pristine plastic polymers (both > 90%). For the detection of
weathered microplastics, both yielded sufficiently high accuracies (> 77%), although only RF models were
reliable for polymer identification (> 70%), except for PET particles. The RF models showed an accuracy >
90% for particle predictions based on 12-30 pixels, which translated to microplastics sized < 10 um.
Although the RF classifier did not produce consistent results across different labs, the inherent flexibility
of the method allows for its swift adaptation and optimisation, ensuring the possibility to fine-tune the
method to specific research goals through customised datasets, thereby strengthening its robustness. The
developed method is particularly relevant due to its ability to accurately analyse MPs weathered under
various marine conditions, as well as ecotoxicologically relevant MP sizes, making it highly applicable to

real-world environmental samples.

1. Introduction

Microplastics (MPs), plastic particles ranging from 1 um to 5 mm (Hartmann et al., 2019; Arthur et al.,
2009), are a widespread and persistent pollutant, detected even in remote areas far from human activities
(Peeken et al., 2018; Bergmann et al., 2019; Ross et al. 2021, Van Cauwenberghe et al., 2013, Peng et al.,
2018). Accurate and robust observations are essential for evaluating the current and future environmental
risks posed by MPs, however, MP analysis continues to be labour-intensive to this day (Primpke et al.,
2020a). Indeed, analytical identification of MPs in a wide range of marine environmental matrices is a
critical yet challenging part of the research. Consequently, an extensive spectrum of analytical methods
has been developed in the last decade to meet a variety of research and monitoring purposes, based on

the requirements associated with research and monitoring observations of MPs. However, many of these
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techniques have considerable limitations in terms of resolution, minimum particle size, human bias

interference, labour intensity and analysis time, and consequently, analysis cost (Primpke et al., 2020a).

Fluorescence microscopy, combined with fluorescent dyes, allows to effectively visualise MPs. The
fluorescent dye Nile red (NR) has been widely used in MP studies because of its high adsorption for
plastics, its affinity for a wide range of polymers, its short incubation time (10-30 min), and its
effectiveness to detect MPs down to a few um (Maes et al., 2017; Shruti et al., 2022). Nile red fluorescence
of MPs is often imaged using fluorescence microscopes equipped with a camera, for subsequent visual or
automated image analysis. A major flaw of the NR approach is the co-staining of lipid-rich organic material,
which interferes with MP analysis (e.g. Maxwell et al., 2020; Shruti et al., 2022). However, false positives

resulting from this issue can be mitigated using a multiple-filter approach (Meyers et al., 2022).

The integration of automation into various MP detection and identification techniques has recently led to
a remarkable transformation in MP research. The application of Artificial Intelligence (Al) in the field of
research has revolutionised the way researchers approach MP analysis, with machine learning (ML)
gaining particular popularity as it enables a faster, more cost-effective, and less biased particle
identification (Guo et al., 2024). Numerous prediction models based on ML have been developed for the
automated detection and identification of MPs, where the main principles often rely on vibrational
spectroscopy (Lin et al., 2022). Frequently used algorithms to do so include decision trees (DTs), random
forests (RFs), support vector machines, K-nearest neighbours, and neural networks (Yan et al., 2022; Lin
et al.,, 2022). Automation of MP analysis methods has however introduced both opportunities and
challenges. Selecting the best model is data-dependent, where finding a trade-off between model
performance, model complexity and computational speed is crucial (Maxwell et al., 2018). Machine
learning programs can process large amounts of data with a high accuracy but can take up a lot of time to
do so, especially when limited computing power is available, making it costly. For example, Focal Plane
Array (FPA) array-based p-FTIR images combined with a spectroscopic analysis pipeline allows for the
automated comparison of MP polymers and their unique infrared spectra with spectral libraries using
pattern recognition algorithms, but overall analysis time is still relatively high (Primpke et al., 2017). For
instance, it may take 4 h to scan 14 x 14 mm with a pixel resolution around 11 um (64 x 64 FPA detector
elements) (Bergmann et al., 2019; Primpke et al., 2020a), while an additional 4 — 48 h is needed for spectral
analysis by spectral correlation (Peeken et al., 2018; Primpke et al., 2020b; Primpke et al., 2020a). A

compromise between model complexity and model performance also exists: although they often perform
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better, more complex ML algorithms such as RFs lack transparency as they are much harder to interpret,
especially for non-experts in the field of Al (Breiman et al., 1993; Breiman et al., 2001; Witten et al., 2002).
Simpler models like DTs are more intuitive and easier to interpret due to their transparency. However,
they are less effective for complex or noisy datasets and are more prone to overfitting, which occurs when
a ML model performs significantly better on training data than it does on new datasets (Breiman et al.,

1993; Breiman et al., 1996; Witten et al., 2002).

Microplastics in the marine environment undergo weathering, e.g. due to mechanical forces, UV radiation,
microbial colonisation, and hydrostatic pressure, leading to alterations in their physical and chemical
structure (Fotopoulou et al., 2019; Shah et al., 2008; Fauvelle et al., 2021). These changes can complicate
their detection and analysis (Dong et al., 2020; Liu et al., 2020), underscoring the need to consider
weathered MPs in method development, effect studies, and leaching experiments, along with their
pristine representatives. Standard Raman and IR spectra of MPs were shown to be significantly impacted
by environmental weathering processes through shifts in their spectra (Dong et al., 2020) which in turn
can interfere with the spectral matching process. Shifts in crystallinity and polarity (Maes et al., 2017) can
also impact the fluorescence of NR-stained plastics due to the solvatochromism of the dye, i.e. its
fluorescence changes based on the polarity of its environment, in this way affecting the accuracy of the

approach.

At present, the bulk of method development-focused research and effect studies still relies on pristine
MPs (Waldman and Rillig, 2020; Alimi et al., 2022), yet recent studies suggest that aged plastics behave
differently (Arp et al., 2021; Bhagat et al., 2022). This underlines the importance of implementing
environmentally relevant MPs into future MP research for more accurate findings. To tackle this problem,
MP structural and chemical transformations brought on by weathering processes are nowadays being
studied during laboratory simulations. However, most research focuses only on a few ageing processes
when mimicking environmentally relevant conditions (Alimi et al., 2022), while the degradation of MPs in
the marine environment is influenced by fluctuations in weathering processes and abiotic factors like
seawater temperature, salinity and hydrostatic pressure. In addition, degradation is affected by the
polymer type, size, structure, shape, and density of MPs. The complex interplay between these variables

makes it difficult to realistically simulate MP degradation in a laboratory setting.
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There is still much to uncover regarding the abundance, behaviour, and potential effects of smaller-sized
MPs (< 100 um). While methods capable of reaching this MP size threshold exist, the time and costs
involved in analysis hinder routine assessments, emphasising the need for cost-efficient and high-
throughput analysis methods. Moreover, smaller-sized MPs are an emerging concern in the field of
ecotoxicology (Beiras et al., 2020). A smaller size translates into an increased surface-to-volume ratio of
MPs, which renders them more bioavailable (Mattsson et al., 2015, Wagner and Reemtsma, 2019). Their
size can also accelerate physicochemical and biochemical reactions at their surface (Wayman et al., 2021).
This disparity between current analysis methodologies and ecotoxicologically relevant MP sizes stresses
the existing gap in our understanding of the true extent and impact of MP contamination in the marine
environment. Addressing this issue is therefore imperative for a comprehensive assessment of MP

pollution.

A last significant challenge MP research faces is the interoperability of analysis methods. Ensuring a
constant performance of a method across different laboratories, regardless of the diverse laboratory
conditions, is of paramount importance in scientific research. Consistency across various laboratories
strengthens the credibility of obtained findings using that method, creates a sense of confidence in the
scientific community, and hence encourages the widespread adoption and application of a method. This
in turn contributes to a more comprehensive understanding and management of MP pollution in marine

ecosystems.

Despite the urgent need for accurate and robust observations of MPs to assess environmental risks, many
existing methods are labour-intensive and costly and may not always guarantee consistent performance
across different laboratories. Moreover, current research often relies on pristine plastics, overlooking the
complexities introduced by environmental weathering, which can alter the physical and chemical
properties of MPs and impact analytical reliability. Additionally, there is a significant gap in cost-efficient
methods for analysing smaller, ecotoxicologically relevant MPs. In response to the current shortcomings,
this research focused on testing the robustness of two recently developed, automated, Nile-red (NR)
based MP analysis techniques, created using two different ML algorithms. To do so, their ability to
accurately analyse MPs weathered under semi-controlled surface water and deep-sea water conditions
was assessed and compared, along with their analysis time and model complexity. Additionally, the size
limit of the overall best performing technique was determined, i.e. the minimum particle size for which

the model algorithm produces sufficiently accurate predictions in terms of plastic identity and polymer
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type. Finally, we tested whether the knowledge rules generated by this classifier produce consistent
results across different labs. The novelty of the developed method lies in its broad applicability, as it covers
a diverse range of plastic polymers, weathering conditions, and instrumentation types, providing a
comprehensive tool for advancing MP research. By verifying the robustness of the models, we assess their
reliability for widespread adoption and application, which serves as a cornerstone for a comprehensive

understanding and effective management of MP pollution within a marine context.

2. Materials and Methods

This work used an open-source approach that combines NR-stained particle fluorescence with machine
learning models, following a comprehensive six-step protocol. First, two sets of Red, Green, and Blue
(RGB) colour datasets were created using two types of microscopes: a fluorescence stereomicroscope
(FSM) and a fluorescence microscope (FM). Each set had two datasets for training a ‘Plastic Detection
Model’ (PDM) to classify particles as plastic or non-plastic, and a ‘Polymer Identification Model’ (PIM) to
classify plastic particles by polymer type (Fig. 1 - step 1). This was done as per Meyers et al 2022 and
Meyers et al., 2024a, where RGB-colour values extracted from pixels of particles photographed with a
fluorescence microscope were used to generate RGB statistics that make up the datasets, which in turn
were used to train models and make predictions of a particle’s identity based on its RGB statistics. The
first set of RGB datasets, constructed at the laboratory of the Flanders Research Institute for Agriculture,
Fisheries and Food (ILVO set with ILVO datasets 1 and 2) were used to generate and validate a total of five
ILVO PDMs and five ILVO PIMs, and this using two types of ML algorithms, i.e. a decision tree (DT) and a
random forest (RF) classifier (Fig. 1 - step 1). To do so, the datasets were split into 80% training data and

20% test data.

Secondly, the average number of correctly classified instances (CCl) + standard deviation (SD) (%) for a
subset of particles unknown to the models (test datasets) was calculated for each of the models, and
compared for both classifiers: plastic/non-plastics for the PDMs, and polymer type for the PIMs. Cohen's
Kappa statistic, used to compare observed accuracies with expected accuracies, was also calculated (Fig.
1 - step 2). Running five simulations per model (PDM/PIM) for each classifier enhanced the robustness
and reliability of the evaluation process by mitigating the influence of random variations or chance
occurrences on model performance. Thirdly, after also comparing their analysis time and model

complexity (cfr. ‘2.2 Model construction and classifier comparison’) for the overall best scoring model
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algorithm, the average accuracy of the ILVO models based on the best performing ML algorithm was
tested for the detection and identification of MPs weathered at sea under semi-controlled, surface water
and deep-sea water conditions for a duration of 12 months using five simulations per model type (Fig. 1 -

step 3).

As a fourth step, a second set of models was constructed and validated, using the second set of RGB
datasets constructed at the laboratory of the Flanders Marine Institute (VLIZ set with VLIZ datasets 1 and
2), which comprised RGB data from images acquired at a higher magnification (VLIZ PDM and VLIZ PIM)
(Fig. 1 - step 4) To do so, the existing RGB datasets from Meyers et al., 2022 were expanded. In the fifth
step, the lower size limit of the developed approach was determined (cfr. ‘2.3 Lower size limit’) using the
VLIZ models with the highest magnification (Fig. 1 - step 5). In a sixth and last step, the interoperability of
the approach was tested by evaluating the average performance of the ILVO models for the VLIZ datasets
1 and 2, and the performance of the VLIZ models for the ILVO datasets 1 and 2, based on five simulations

per model type (Fig. 1 - step 6).
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Fig. 1. Schematic overview. A schematic overview of the comprehensive, six-step approach employed in this work, where the
robustness of a microplastic analysis method based on machine learning models combined with fluorescent colouration of NR-

stained particles was thoroughly tested.

2.1 Construction of datasets

ILVO datasets 1 and 2 were based on images series acquired with a fluorescence stereomicroscope (Leica

M205 FA Fluorescence stereomicroscope - LAS X software), at a magnification of 1 x 10, while images
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series for the two VLIZ datasets were acquired with a fluorescence microscope (LEICA DM 1000 - Leica
Application Suite version 4.13.0), at a 10 x 10 magnification (Fig. 1) (Meyers et al., 2024b). To generate
the RGB datasets for the ILVO PIM and the VLIZ PIM (as described in detail in Meyers et al., 2022), five
and seven of the most abundantly produced MP polymers globally, respectively, as well as organic
materials with high prevalence in the marine environment were selected. First, uncoloured and pristine
polyethylene (PE), polyethylene terephthalate (PET), polypropylene (PP), polystyrene (PS), and polyvinyl
chloride (PVC) were obtained and cryomilled into heterogeneously shaped particles (50 - 1,200 um) by
specialized companies (Centexbel - Zwijnaarde, Belgium, and CARAT GmbH - Bocholt, Germany). The
organic materials cotton, flax (raw and bleached), hemp (raw and bleached), silk, and wool (alpaca and
sheep) were also obtained from Centexbel, while chitin, wood, and gull feathers were collected from the
beach and cut into similarly sized particles. In the next step, less than 0.5 mg of each material (the different
plastic polymers/organic material in general) was added to separate glass beakers containing Milli-Q
water. To test the ability of the models to correctly classify unknown polymers as plastics, for the VLIZ
PIM, two additional polymers were used, i.e. nylon and PUR particles. As PE and PP are similar with respect
to their fluorescence as a consequence of their similar chemical structure (Meyers et al., 2022), it was
decided to group them into one class to construct the ILVO PIM (‘PE/PP’). All MPs used were pristine,
heterogeneously shaped uncoloured fragments, with varying densities (Gago et al, 2019). Next, the
content of each beaker was filtered over a PTFE-filter (47 mm diameter, 10 pm pore size, Millipore Ltd.)
using a MilliPore manifold system (3 + 3 workstations) (Merck Millipore) and stained with 1 mL of the
fluorescent dye Nile red dissolved in acetone (10 ug mL™) using a glass pipette. After 15 min, filters were

rinsed with Milli-Q water and left to dry in a dark environment for 24 h.

Particles were photographed with both types of microscopes using fixed settings, capturing a series of 3
images per particle under a blue, green, and UV microscope filter (cfr. Table S1 for details). Red, Green,
and Blue colour data from 135 (ILVO PIM) and 200 (VLIZ PIM) particles per plastic polymer type, or per
group of plastics (PE/PP), were analysed to construct ILVO dataset 2 and VLIZ dataset 2 (n =540 and n =
1400). A random subselection of MP particles, evenly spread across all polymers, was used to construct
ILVO dataset 1 and VLIZ dataset 1, complemented with RGB data from 420 (ILVO PDM) and 500 (VLIZ
PDM) particles of natural origin (n = 840 (2 x 420) and n = 1000 (2x 500)). For the VLIZ datasets, 15 - 50
images for each of the material types (i.e. all individual polymers, and a mix of organic materials) were
used to build the datasets. Three PTFE filters per material type were used, acquired over three days. For

the ILVO datasets, 6 images per material type, capturing an entire PTFE filter, were used. Six PTFE filters
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per material were employed, acquired over three days. All dataset sizes allowed for an appropriate
statistical power for a small effect size (a = 0.05, power = 0.8) (Serdar et al., 2021). Required training
dataset sizes of all four models for which prediction error was below 5% were also simulated using the

randomForest package in R (Fig. S1) (Liaw & Wiener, 2002).

Once the images were acquired, extraction of the RGB values from particle pixels was done through
automated image analysis in the open-source image processing program Imagel (Abramoff et al., 2004)
according to the updated procedure described in Meyers et al., 2024a. For each particle above a set size
limit within each image series, a CSV file was generated with extracted RGB values of all pixels lying on
the maximum Feret diameter of that particle, and this for the image acquired under the blue, green and
UV filter. Next, per particle, for each microscope filter, statistics were calculated (10th, 50th and 90th
percentile as well as the mean value) for each of the three colour values (R, G, and B) in R (R Core Team,
2020). All 36 RGB statistics per particle were then automatically compiled into the above-mentioned

datasets (cfr. Meyers et al., 2022 for method details).

2.2 Model construction and classifier comparison

For both classifiers (DT and RF), the generated RGB statistics were used as input variables, while the
output was particle identity (plastic/non-plastic for the PDM and polymer type for the PIM). Decision tree
classifiers create flowchart-like trees, where each internal node represents a test of a feature, the
branches represent outcomes of the tests, and leaf nodes signify the output of the algorithm. The datasets
were recursively split into smaller datasets based on the values of the features, i.e. the RGB statistics. The
CART (Classification and Regression Tree) supervised ML algorithm (Therneau et al., 2015) was used to
generate the DT classifiers (Meyers et al., 2022), (five simulations per model type) where, for the PDM
and PIM, respectively, a minimum of 8 records had to be present in a node before a split was attempted,
as well as a minimum of 3 records in an end node, and splits that did not enhance the model fit by 0.02
were eliminated. To avoid overfitting, the model was allowed to grow until a depth where the validation

metrics used either stagnated or declined.

RF classifiers, on the other hand, average the output of multiple DTs fit on random subsamples (63.2%) of
the dataset, and this to obtain a single result (bootstrap aggregating or bagging). Breiman’s RF algorithm
(Breiman, 2001; Liaw & Wiener, 2002) was used to construct the RF classifiers here, where a fitting

number of variables (cfr. Fig. S2 “optimal number of parameters”) were chosen each time at random out
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of all predictor variables, and the best split on these variables was used to divide the node. For each tree,
the leftover data (36.8%) was then used to calculate the misclassification rate, i.e. the out of bag (OOB)
error rate. The aggregated error, which determines the overall OOB rate of the classifier, was plotted for
each model as a validation. To fine-tune the RF models, the number of trees to achieve the most accurate
results was also determined (Fig. S3). The final, optimised models all had 500 prediction trees (ntree),

each using max. 12 variables (mtry).

To visualise classification performance of all four models, non-metric multidimensional scaling (NMDS)
plots using the Bray-Curtis similarity index and default settings were generated in R (Fig. 2, Fig. S4) based
on one of the five simulations for each model type. For both classifiers, the best features to split the data
were based on the Gini impurity metric (Daniya et al., 2020). The accuracy of all models using both
classifiers was assessed based on their CCl rate, their Cohen’s kappa statistic (McHugh, 2012), which is a
measure of interrater reliability, and their confusion matrices. For the DTs, this was done by randomly
selecting 4/5 of each dataset to train each of the five models per model type and keeping the remaining
1/5 as a validation dataset based on the Pareto principle ratio (Dunford et al., 2014). For the RFs, five-fold
cross-validations were performed to estimate the skill of the models on unseen data by re-training the
models on the same design. Here, each dataset was split into five randomly chosen equal folds (each
containing 1/5 of the dataset). Validation iterated over these folds, using each as a unique test dataset
while training the model on the remaining four. Additionally, model training duration, analysis time, and
complexity were assessed and compared for both classifier types. Furthermore, when the average overall

model accuracy was < 70%, the model was considered unfit for MP analysis.

RGB datasets derived from pristine MPs were used to construct all models. While the conventional
approach may be to train models on datasets developed using weathered plastics, logistical constraints
underscore the challenge associated with this approach (discussed under '4.4 Interoperability'). While
conducting an extensive weathering of various polymers under environmentally relevant conditions as
done here is relevant and feasible (cfr. ‘2.3 Natural weathering of microplastics’), it implies that models
could only be built once weathering is finalised. Therefore, the initial strategy focused on assessing the
performance of RF models trained on pristine materials when applied to weathered MPs, providing a

pragmatic foundation for subsequent investigations.
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2.3 Natural weathering of microplastics

To test the robustness of the classifiers, their ability to correctly classify naturally weathered plastics was
tested. A mix of MP fragments (PE, PET, PP, PS, and PVC) sized 500 - 1000 um (CARAT GmbH) was filled
into stainless steel tubes (316 mesh) (Inoxia Ltd, 45.7 Dunsfold Park, Stovolds Hill, Cranleigh, GU6 8TB,
United Kingdom), which were placed in stainless steel containers (Fig. 3). The containers were deployed
in subsurface, coastal waters in the Norwegian Sea (Tromsg@, Norway; 69.642730, 18.950389) in February
2021 and in deep-sea waters (2380 m depth) of the Mediterranean Sea (off the coast of Marseille, France;
42.807683, 6.043867) (Fig.3 and Fig. S5) in April 2021, respectively. During the exposure at sea, the
stainless-steel containers deployed in subsurface waters were manually cleaned at regular intervals to
remove bivalves and other attached organisms. The samples remained submerged in the sea for 12
months before being retrieved. Afterward, the stainless-steel tubes were left under a fume hood to dry.
Next, the microplastic particles were transferred into burnt (450 °C, 6 h) glass vials and brought to the

laboratory.

Following this, for each type of weathering, polymer particles were stained under the previously described
conditions and photographed under the fluorescence stereomicroscope using the same settings as for
pristine particles (Table S1). Hereafter, the average predictive performance of the FSM PDM and FSM PIM
was tested using a random selection of 30 particles per polymer (PE/PP, PET, PS and PVC), for each type
of weathering, totaling 240 particles. Additionally, ATR-FTIR spectra of each studied polymer were
acquired in its pristine, surface water-weathered, and deep-sea water-weathered form (Perkin Elmer
Frontier FTIR with UATR top plate with diamond/ZnSE crystal, Zaventem, Belgium). For clarity, deep-sea
water-weathered (DSW) MPs and surface water-weathered (SFW) MPs will be referred to as DSW MPs

and SFW MPs, respectively.
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Fig. 3a, 3b and 3c. Controlled natural weathering of microplastics. Stainless steel tubes (3b) were filled with a microplastic

mixture and placed inside stainless steel containers. These containers were then submerged in subsurface coastal waters of the
Norwegian Sea near Tromsg, Norway (3a), or in the deep sea off the coast of Marseille, France, in the Mediterranean Sea, for a
duration of 12 months. For the deep-sea deployment, the containers were mounted on a carousel (3c), which was retrieved after

weathering using an acoustic release system (Fig. S5).

2.4 Lower size limit

To determine the lower size limit of the two best performing models, for PE, PS, PET and PVC, a small
amount of MPs (<0.5 mg) sized < 5 um - 300 um was added to a glass beaker with Milli-Q water, whose
content was then filtered and NR-stained (cfr. ‘2.1 Construction of datasets’). One filter per polymer was
obtained and photographed using the fluorescence microscope, which offers the largest magnification of
both microscope types (i.e. 10 x 10). Next, all MPs present were analysed using the VLIZ PDM and PIM,
and the number of pixels per MP used to predict the particle identity was assessed. A total of 2010 PET
particles, 3939 PE/PP particles, 1596 PS particles and 2533 PVC particles were analysed and subdivided
into 10 different size groups (Table S2), representing all particles present on the PTFE filter per polymer.
Following this, a graph was constructed to plot predictive accuracy per size class for the PDM and PIM.
The lower size limit for each polymer type was determined as the smallest number of pixels and

corresponding size class for which both models achieved an accuracy > 70 %.
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2.5 Interoperability

To test the interoperability of the analysis method, MPs imaged with the Leica M205 FA Fluorescence
stereomicroscope were analysed using models trained on images from the LEICA DM 1000, and vice versa.
In this process, all particles of datasets 1 and 2 from the VLIZ laboratory were analysed using models

trained on datasets 1 and 2 from the ILVO laboratory, respectively, and vice versa.

2.6. QA/QC

As background control measures to prevent MP contamination, the use of plastic materials was avoided
prior to the image acquisition, tools and glassware used were pre-cleaned with Milli-Q water and soap
before use, sample processing was conducted in a laminar flow hood, and a 100% cotton lab coat and
trousers were worn. Additionally, a subset of pristine MPs to construct the models as well as the

weathered MPs were FTIR validated (cfr. Methods Supplement).

3. Results

3.1 Classifier comparison for pristine materials

DT and RF classifiers both had high accuracies (> 90% for all models) based on the obtained CCl rates and
Cohen’s kappa statistics (Table 1). Fluorescent colouration differed between plastic and organic particles,
as well as between most polymers, except for PP and PE (VLIZ PIM), as is apparent from the NMDS plots
(Fig. 2, Fig. 4, Fig. S4, Fig. S6). The PDMs based on both classifiers misclassified only a negligible number
of organic and plastic materials. The PIM built using the DT approach misidentified PS particles as PE (4.4
+£9.9%), PET (2.2 £ 2%), and PVC (2.2 £ 3.3%). Additionally, it misclassified PE as PS (3 + 3.1%), PET particles
as PVC (1.5 £ 2%), and PVC particles as PET (1.5 + 2%) and PS (1.5 £ 2%). When using the RF approach,
classification errors primarily involved PE/PP particles being classified as PS (0.7 + 0%), PET as PS (0.7
0%), PS as PVC (1 + 0.4%), and PVC as PS (0.7 £ 0%). For both classifiers, SDs were low and relatively
constant, indicating minimal variability among the five obtained accuracies for each of the models. Based
on model performances in Table 1, the accuracy of DT and RF classifiers was relatively similar for pristine

materials.
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Table 1. Predictive accuracy of decision tree (DT) vs. random forest (RF) classifiers for pristine microplastics. Predictive
accuracy of the Plastic Detection Model (PDM) and the Polymer Identification Model (PIM) for pristine MPs and organic
material, based on DT and RF classifiers, using images acquired with a fluorescence stereomicroscope (FSM) (ILVO datasets 1

and 2).

DECISION TREE CLASSIFIER RANDOM FOREST CLASSIFIER
PRISTINE PLASTICS

PDM PIM PDM PIM
FSM (ILVO)
CCl % 99.3+1.1% 95.9+2.3% 100 £ 0% 99 +0.5%
Cohen’s k 1 0.98 1 1
PE/PP 97 £3.1% 99.26 + 0%
PET 98.5+2% 99.26 + 0%
PS 91.1+8.1% 97.93+1%
PVC 94 +1.7% 99.26 + 0%
Organic material 99.8+0.5% 100 + 0%

3.2 Classifier comparison for weathered MPs

When considering the average predictive reliability of the ILVO models for weathered MPs, model
performance was very similar for DT and RF classifiers across different types of weathering (77.2 + 38%
vs. 78.8 + 36% for SFW particles, and 86.8 + 20.2% vs. 87.8 + 17.1% for DSW particles, respectively) (Table
2). For SFW MPs, misclassifications were primarily PET particles classified as organic material (CCl rate of
20.7 + 8.3% for DTs and 25.3 + 1.8% for RFs). For DSW MPs, the main misclassifications involved PE/PP
particles identified as organic material (CCl of 57.3% + 8.3% and 63.3 £ 0%). Average accuracies were
substantially higher for SFW particles when PET particles were excluded from the analysis, for both DT
and RF classifiers (96 + 6.9% vs. 96.7 £ 5.8%, respectively). In contrast, for DSW particles, excluding PET

had a negligible effect on accuracy (85.8 + 24.6% vs. 87.6 * 21, respectively).

While the predictive accuracy of the PIM remained high for polymers such as PE/PP (SFW: 95.3 + 3% and
DSW: 98 + 1.8%) and PS (only SFW: 89.3 + 23.9%) using the DT classifier, PET and PVC showed substantial
misclassification rates. For SFW and DSW MPs, respectively, PET had a CCl rate of 11.3+7.7% and 36.7 +
22.9%, while PVC had a CCl rate of 58.7 + 14.3% and 57.3 + 27.6%. Moreover, the predictive accuracies
for PS showed a relatively large variability (SD of 23.9%), indicating inconsistent performance of the DT

classifier for this polymer type.
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When assessing the overall PIM performance, the RF classifiers outperformed the DTs. The average
accuracies for RFs were 70 £ 39.2% for SFW MPs and 80.3 + 14.8% for DSW MPs, compared to 63.7 +
38.4% and 60.8 + 26.3% for DTs, respectively. Similar to the PDM, the average accuracy for SFW particles
substantially increased, and the SD decreased when PET particles were excluded (88.9 + 12.8%). For DSW
particles, the accuracy remained relatively consistent (84 + 15.7%). For the DT classifiers, only the average
predictive accuracy of the PDM exceeded the 70% threshold. In contrast, both the PDM and PIM exceeded
this threshold when using the RF classifiers. The RF models were hence considered most reliable for the
accurate identification of MP polymers, except for the analysis of SFW PET particles (accuracy of 25.3 +

1.8%).

The fluorescent colouration and intensity of pristine and SFW PET particles differed considerably
compared to other polymers, particularly under the blue filter, which is crucial for some model
parameters (Fig. 4 and Fig. S7). Attenuated Total Reflectance (ATR) spectra of each polymer, acquired in
their pristine, surface water-weathered, and deep-sea water-weathered forms, are freely available in the

open-access repository Marine Data Archive (Meyers et al., 2024c), and are visualised in Fig. S8 - S12.

The ILVO PDMs and PIMs using DT classifiers consisted of five single trees, each based on different training
datasets. The PDMs were pruned to a depth of 1, and had a total of 2 leaf nodes, while the PIMs were
pruned to a depth of 5 to prevent overfitting, with a total of 9 leaf nodes, including multiple PE, PET, and
PS and nodes. In contrast to these simpler models, the RF-based ILVO PDMs and PIMs required 100 trees
each to produce accurate results, respectively (Fig. S3), with tree depths ranging from 1 - 5. Although
model complexity increased, the computational time for generating predictions was < 10 s for both the

DT and RF approaches.



457 Table 2A (upper) and 2B (lower): Predictive accuracy of decision tree (DT) (2A) vs. random forest (RF) (2B) classifiers for

458 weathered microplastics. Predictive accuracy of the Plastic Detection Model (PDM) and the Polymer Identification Model (PIM)

459 for surface water-weathered MPs and deep-sea water-weathered MPs using DT and RF classifiers.
460
461 SURFACE WATER DEEP-SEA WATER
462 WEATHERED MPS WEATHERED MPS
463 DECISION TREE
464 CLASSIFIER PDM PIM PDM PIM
465 FSM (ILVO)
466
467 CCl % 99.3+1.1% 95.9 +2.3% 99.3+1.1% 95.9 +2.3%
468 Cohen’s k 1 0.98 1 1
469 Total number of

77.2 +38.1% 63.7 + 38.4% 86.8 +20.2% 60.8 + 26.3%
470 tested MPs
471 PE/PP 88 + 3% 95.3 + 3% 57.3+8.3% 98 + 1.8%
472 PET 20.7 +8.3% 11.3+7.7% 90 +4.1% 36.7 +22.9%
473 PS 100 + 0% 89.3+23.9% | 100+ 0% 51.3 +25.3%
474 PVC 100 + 0% 58.7 + 14.3% 100 + 0% 57.3 +27.6%
475
476
477
478 SURFACE WATER DEEP-SEA WATER
479 WEATHERED MPS WEATHERED MPS
480 RANDOM FOREST
481
182 CLASSIFIER PDM PIM PDM PIM
483 FSM (ILVO)
484 CCl % 100 + 0% 99 + 0.5% 100 + 0% 99 + 0.5%
485 Cohen’s k 1 0.98 1 1
486 78.8 + 36.0% 70.0 + 39.2% 80.3 + 14.8%

Total number of 87.8+17.1% (87.6 £

487 (96.7 £ 5.8% (88.9 + 12.8% (84 +15.7
488 tested MPs 21 without PET)

without PET) without PET) without PET)
489 PE/PP 90 + 0% 99.3+1.5% 63.3 + 0% 100 + 0%
490
201 PET 25.3+0.5% 86.7 + 0% 88.7 +0.5% 69.3 + 1.5%
492 PS 100 + 0% 92.7+1.5% 100 + 0% 83.3+7.8%
493 PVC 100 + 0% 74.7 +1.8% 99.3 +0.4% 68.7 +3.8%

494
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Fig. 4. Stereomicroscopic images of pristine and weathered microplastics. Images of four Nile red-stained, commonly produced
microplastic polymers, acquired with a fluorescence stereomicroscope, under a blue, green and UV filter, and used by the models
to predict a particle’s plastic identity, and to identify its polymer type based on fluorescence colouration and intensity. In this
figure, pristine microplastics per polymer type are shown, as well as surface water-weathered microplastics and deep-sea water-

weathered microplastics.

3.3 Lower size limit

The VLIZ PDM and PIM both achieved sufficient accuracy (> 70%) for the lowest size class tested across all
polymers (Fig. S13, Table S2). This class corresponds to particles with a maximum Feret diameter of 6 to
30 pixels, meaning that predictions were based on the same number of RGB statistics. Under the

magnification used, this corresponds to particles < 10 um. After conversion, the smallest accurately
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identified particles were 2 um (6 pixels) for PET, 4 um (12 pixels) for both PE/PP and PS, and 4 um (12
pixels) for PVC. The lower size limit was determined by the smallest particle present on the respective

PTFE filters (Table S2).

3.4 Interoperability

To assess the interoperability of the models, the ILVO models were tested on VLIZ datasets 1 and 2, and
vice versa. Both models designed for plastic detection demonstrated a robust ability to identify nearly all
plastic particles accurately when using the optimised in-lab method, achieving CCl rates of 100 + 0% (VLIZ
models) and 96.9 + 0.1% (ILVO models). However, the ILVO PDM misclassified certain plastics such as
nylon (CCl rate of 98.6 + 0%) and PUR (80 + 0.8%), which were unknown to the model (Table 3). Despite
the high accuracy in plastic detection, the models showed a significant risk of overprediction. The ILVO
models correctly identified only 58.7 £ 0.2% of organic materials photographed in the VLIZ laboratory,
while the VLIZ models achieved a mere 0.8 + 0.4% accuracy for organic materials photographed in the

ILVO laboratory.

While the models performed well for polymers like PE/PP (with accuracies ranging from 66.2 = 4.6% to
100 £ 0%), they were less accurate for other polymers such as PET, PS, and PVC when used with different
instrumentation, with CCl rates ranging from 6.8 £ 0.3% to 55.9 £+ 3%. These disparities indicate that the
models in their current form are unsuitable for generating accurate predictions of particles based on

images obtained using different microscope types or magnifications.



538 Table 3: Interoperability of the RF models. The interoperability of the Plastic Detection Model (PDM) and the Polymer
539 Identification Model (PIM) was tested by analysing MPs in the ILVO datasets 1 and 2, acquired with a fluorescence

540 stereomicroscope (FSM) in the ILVO laboratory, using models based on the VLIZ datasets 1 and 2, respectively, acquired with a

541 fluorescence microscope (FM) in the VLIZ laboratory, and vice versa.
542
ILVO MODELS BASED ON FSM VLIZ MODELS BASED ON FM
ANALYSED PARTICLES BASED ON FM (VLIZ) ANALYSED PARTICLES BASED ON FSM (ILVO)
RANDOM FOREST
PDM PIM PDM PIM

CLASSIFIER
PE/PP 100 + 0% 66.2 +4.6% 100 + 0% 100 £ 0%
PET 100 + 0% 55.9+3% 100 + 0% 93.2+0.3%
PS 100 + 0% 78.4 +27.4% 100 + 0% 6.8+0.3%
PVvC 100 + 0% 100 * 0% 100 + 0% 18.5+0%
All plastics 96.9+0.1% 73.3+12.6% 100 + 0% 35.4 +48.8%
Organic 58.7+0.2% 0.8+0.4%

543

544 4. Discussion

545

546 4.1 Choice of machine learning algorithm

547 In this research, both DT and RF models demonstrated similarly high accuracies in detecting plastics and
548 identifying the polymer composition of pristine materials. When applied to weathered plastic particles,
549  both models maintained high detection accuracies (SFW: 77.2 £ 38% (DT) vs. 78.8 + 36% (RF); DSW: 86.8
550  +£20% (DT)vs.87.8+17 (RF)) (Tables 1 and 2). However, for identifying the specific polymers of weathered
551  plastics, only the RF models achieved sufficiently high accuracies (SFW: 63.7 + 38.4% (DT) vs. 70 £ 39.2%
552  (RF); DSW: 60.8 + 26.3% (DT) vs. 80.3 + 14.8 (RF)). Decision tree and RF algorithms represent two
553 prominent and popular ML approaches within MP research (Li et al., 2023; Wu et al., 2023; Yao et al.,
554  2023), each offering advantages and challenges. Decision tree models are more prone to overfitting,
555  which can reduce accuracy on new data. A maximum depth as well as a minimum sample size per node
556  should be specified to prevent the tree from growing endlessly, ensuring the model captures only the
557  most general and crucial aspects of the dataset. Despite these challenges, DTs are valued for their
558 transparency and interpretability. The simplicity of these white box models allows for an easy
559  visualisation, which makes them particularly useful when model clarity is essential.

560
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Random forest models, classified as black box models, are inherently more complex than DTs, which can
pose challenges in understanding their internal structure and interpreting the reasoning behind certain
predictions. Unlike DTs, RFs do not provide a clear breakdown of weighted scores, but they are generally
more robust, effectively handling the instability and overfitting issues that can affect a single DT (Bienefeld
et al.,, 2022). Random forest models can leverage the power of multiple DTs for decision making by
creating random subsets of features to build multiple smaller DTs, which are then combined. In qualitative
data classification, such as in this study, the predictions of these DTs are aggregated through a majority
voting system to produce a final prediction (Svetnik et al., 2003). Although RFs do not require pruning,
their performance is sensitive to the number of predictive variables considered. Increasing these variables
enhances model strength but also raises intercorrelation, while decreasing them has the opposite effect.
Additionally, while increasing the number of trees generally improves predictive accuracy, a threshold
exists beyond which there is no significant performance gain anymore. However, with an increasing

number of trees to be tested often comes an increased analysis time.

Our study underlines the robustness of the RF algorithm in managing alterations in polymers due to
weathering in surface and deep-sea waters. The collective strength of RFs was essential in maintaining a
sufficient predictive accuracy despite potential variations in fluorescence colouration and intensity caused
by MP weathering. Moreover, the ability of the RF models to mitigate overfitting while enhancing
interoperability contributed to their superior performance in capturing potential spectral changes or
changes in fluorescence intensity across different polymers. Despite their complexity, the increase in
computational costs associated with RF models compared to the DT models was negligible. Therefore, for
analyses where both MP quantification and identification are required, RF emerges as the superior
algorithm. However, if polymer identification is not a research goal, both DT and RF classifiers allow for a

reliable analysis of MPs in a cost- and time-effective manner.

The ability to accurately analyse weathered MPs makes the developed models particularly relevant, as it
ensures their applicability to real-world environmental samples. Other studies have also leveraged RF
classifiers for MP analysis: Vitali et al., 2024 developed a method for analysing MPs in bottled water using
NR staining and an RF-based automated image processing workflow, achieving precise quantification and
sizing of MPs down to 10 um. At the same time, Wang et al., 2024 utilised flow cytometry coupled with
ML, including RF algorithms, to effectively differentiate MPs from natural particles in aqueous

suspensions. Alternative methods for identifying MP polymer types not based on chemical analysis include
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confocal fluorescence microscopy combined with fluorescence life-time imaging microscopy (FLIM),
which distinguishes polymers based on emission spectra but has limited validation in real-world samples
(Sancataldo et al.,, 2020). Another approach, using photoluminescence spectroscopy alongside NR
staining, differentiates plastics based on their Stokes shift, although the impact of weathering on spectral

emission still requires further study (Konde et al., 2020).

The effective application of the new method requires a solid understanding of machine learning
techniques, where DTs offer a straightforward and simple interpretation through their transparent inner
structure, while the more complex RFs require a specialised knowledge, potentially requiring additional
training. Next to this, while the multi-filter approach reduces the number of false positives compared to
single-filter methods (Meyers et al., 2022) and enables polymer identification, its increased complexity
requires a thorough understanding of the NR staining process, familiarity with the expected fluorescent
colouration of reference plastics, and the ability to effectively operate fluorescence microscopes with

multiple filters.

4.2 Environmental weathering of microplastics and its consequences for microplastic analysis

The developed models presented in this work leveraged the solvatochromic properties of NR to predict
particle identity. The emission spectrum of NR shifts based on the polarity of its environment, which
allows for distinguishing MPs into "polar" and "hydrophobic" categories according to their polymer
characteristics (Maes et al., 2017). As polymer polarity increases, the maximum emission wavelengths
shift towards longer wavelengths, facilitating further classification into specific polymer types through
quantification of their fluorescent colouration (Meyers et al., 2022). Notably, the fluorescent colouration
of SFW PET particles following NR staining substantially differed from that of pristine PET particles, a
change not observed in DSW PET particles (Fig. 4). This suggests susceptibility of this polymer to
weathering processes that are more dominant in sea-surface waters, such as UV radiation and
microorganism settlement. To improve the accuracy of predictions for polymers like PET, it is
recommended to include RGB data from weathered particles in the training datasets. This can be achieved
through artificial weathering processes or semi-controlled environmental weathering, as implemented in
this study. Incorporating such data would likely enhance the overall predictive accuracy of the models.
Alternatively, RGB datasets could be constructed using naturally weathered MPs, although this approach

may be more labour- and time-intensive.
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Plastic waste typically decomposes slowly but weathers and breaks down into MPs when exposed to UV
radiation, mechanical abrasion, temperature changes, and biodegradation. These weathering processes
rapidly alter the physical and chemical properties of MPs, affecting their environmental behaviour,
including increased leaching of additives, changes in molecular weight and surface roughness, and
enhanced pollutant absorption due to biofilm formation (Liu et al., 2019; Duan et al., 2021). The absence
of a pretreatment step, which generally applies for water samples low in organic content (Gago et al.,
2019), may have allowed biofilm residues to remain on the MPs, potentially affecting NR staining and
fluorescence analysis. A recent validation study from our laboratory that employed digestion methods
(Meyers et al., 2024) demonstrated higher accuracy in identifying weathered MPs, with 98.25 + 3.04% of
DSW MPs and 100% of SFW MPs correctly identified by the PDM. The slightly lower accuracy observed in
the current study (78.8 + 36% for SFW MPs and 87.8 + 17% for DSW MPs) may be attributed to the
presence and costaining of biofilms on the untreated MPs (Macedo et al.,, 2005). The polymer

identification accuracy for weathered plastics was similar in both studies.

Environmental ageing processes pose challenges for MP analysis methods, which are often designed and
tested using pristine MPs. As became apparent from the obtained results, weathering-induced changes in
chemical and physical properties can affect the fluorescent colouration of NR-stained MPs, hindering
accurate model classification. Standard Raman and IR spectra of MPs are also affected by aging, leading
to shifts that complicate matching with commercial libraries of pristine materials (Fig. $8-S12) (Dong et
al., 2020). Developing reference libraries based on naturally weathered MPs could address this issue, but
it may increase total analysis time and labour costs. However, adding weathered MP spectra to
commercial libraries of pristine MPs has also been shown to improve spectral matching accuracy for
environmental samples (De Frond et al., 2021). The ATR spectra generated during this study have been
made publicly available (Meyers et al., 2024c). Weathering-induced polymer alterations and potential
changes in associated additives may also complicate identification and quantification based on mass
spectrometry, another frequently employed analysis (Primpke et al., 2020a). In addition to this,
weathering processes may interfere with the step preceding the analysis, where samples are extracted
from sample matrices. Environmental degradation has been shown to alter the densities of certain
polymers (Kowalski et al., 2016), potentially making it more difficult to efficiently isolate all MPs present

in sediment samples.
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4.3 Weathered reference plastics

Researchers are increasingly recognising the importance of using reference materials that mimic the
properties of weathered MPs when developing and testing new methods, next to the incorporation of a
variety of MP polymers, sizes and shapes. This study employed a unique approach by weathering a mix of
MPs at sea under semi-controlled surface water and deep-sea water conditions for 12 months, offering a
compromise between controlled laboratory simulations and the weathering of MPs under untraceable
natural conditions. By adopting this approach, we address inherent challenges associated with both
methodologies: unlike conventional laboratory experiments, the weathering process took place under
authentic natural conditions. Consequently, the MPs within the containers were exposed to the combined
effects of diverse degradation processes and various influencing factors. Periodic cleaning of the surface
water containers ensured unobstructed water flow, facilitating natural biodegradation processes.
However, the degree of UV weathering in the surface weathering experiment might have been influenced
by the experimental setup, as sunlight only partially passed through the container pores. Similarly, the
impact of sea wave force may have been partially mitigated by the container. Nevertheless, this setup was
imperative for the controlled natural degradation of MPs within the confines of the container. Despite
being potentially less labour- and time-intensive compared to the collection of weathered MPs/the
collection and cryomilling of weathered macroplastics, the duration of degradation was set to a period of
oneyearin order to be meaningful. As a last point, despite introducing heterogeneity in shape, the process
of cryomilling to produce the used MP fragments did not mimic mechanical weathering to the full extent,
as various processes such as stretching, tearing, and crushing also contribute to plastic fragmentation in
a marine context. Consequently, crucial MP characteristics for risk assessments, such as particle size, do
not fully align with the naturally occurring composition. However, in contrast to environmentally sourced
MPs with unknown origins and history, the precise deployment location and bathymetric conditions were
known and controlled for, along with the duration of weathering. Meteorological conditions, currents,
weather patterns, and UV radiation can be retrospectively traced, and can provide a comprehensive
understanding if required. Additionally, the study employed a MP composition of the most prevalently
produced and encountered plastics, which enhances the global applicability of the results. Lastly, the MPs
in this study underwent a weathering duration of 12 months, surpassing the temporal scope of many prior
studies (e.g. Naik et al., 2020). Nonetheless, it is acknowledged that certain MPs require multiple years to
exhibit substantial weathering effects (Chamas et al., 2020). Alternatively, environmentally relevant
weathered MP samples can be produced by cryomilling plastic macrolitter collected from beaches (Kiihn

et al., 2018).
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Future prospects of the approach applied in this work include deployments of weathering containers over
prolonged durations to accurately reflect long-term degradation processes, while the generation of MPs
through mechanical abrasion processes representative of the marine environment should be pursued.
Next to this, refinements in experimental setup are required to ensure unhindered exposure of MPs to

sunlight and mechanical forces.

4.3 Lower size limit

The RF models in this study showed an accuracy > 90% for particles with Feret diameters between 12 and
30 pixels,corresponding to MPs < 10 um at the microscope magnification used. The ability to identify MPs
of ecotoxicologically relevant sizes (Beiras et al., 2020) in a cost- and time-effective way enhances the
ecological relevance of the method and fills a critical gap. Other frequently used MP analysis methods
show similar lower size limits, e.g. 1 um for u-Raman and 10 - 20 um for p-FTIR (Cabernard et al., 2018;
Mintenig et al., 2019; Primpke et al., 2020a). Although no MP size limitation exists for GC-MS-based
techniques, a significant drawback is their inability to quantify or characterise MPs physically, information
that is essential for risk evaluations (Schwarzer et al., 2022, Qiao et al., 2019). In prior research, NR co-
staining of organic material like residual fat posed challenges for NR-based MP analysis (Prata et al., 2021).
Efficient matrix removal is crucial but often not feasible, risking inaccuracies in MP
detection/quantification (Shruti et al., 2022). In this study, however, the use of multiple filters (UV, blue,
green) and the inclusion of fluorescence data unique to organic materials and distinct from plastic into
the RF models helped to differentiate between these materials. Additionally, the risk of persistent false
positives due to similar fluorescence could be reduced using customised RGB datasets (cfr. ‘4.4

Interoperability’).

Other methods have also succeeded in detecting smaller MPs using a NR-based approach. For example,
Ko et al., 2024 introduced a system combining fluorescence labelling with a microfluidic device and
particle tracking software, enabling automated size measurement and real-time discrimination of MPs
sized 100—-1000 nm, such as PS and PVC, in small water samples. Similarly, Bianco et al., 2022 developed
a method combining NR staining and flow cytometry and was able to quantify plastic particles in the 0.6—

15 um size range.
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4.4 Interoperability

Ensuring consistent method performance across different laboratories is crucial in scientific research and
environmental monitoring. When comparing the performance of models built and tested with distinct
microscopes, both demonstrated high accuracies for pristine materials. However, during the
interoperability assessment, the accuracy of the RF algorithm decreased when models were built and
tested using images acquired with different microscope types. Implementing a preprocessing pipeline as
a normalisation step to address differences in image acquisition parameters, or leveraging transfer
learning, could help tackle this issue. Another option is the development of new datasets. While this
outcome presents a challenge, it is important to note that the foundation of the method lies in training
datasets which can be easily and rapidly constructed for a specific laboratory (Meyers et al., 2022). For
instance, using a fluorescence stereomicroscope (FSM), over 100 reference particles sized < 500 um can
be filtered onto a single PTFE filter and captured in a single image series (blue, green, and UV filters),
enabling the construction of an RGB dataset within a day following staining. To enhance predictive
robustness, it is however recommended to include RGB data from MPs stained with NR at different points
in time. Building a training dataset, constructing a model, and testing its accuracy can be completed in
two days. This inherent flexibility of the method allows for its swift adaptation and optimisation, in this
way ensuring the possibility to fine-tune the method to specific laboratory conditions and set
requirements. In this way, researchers can account for unique variables in their own research that could
potentially affect model performance, such as 1) the specific MP polymer composition being targeted, 2)
the matrix type from which these MPs are extracted and which may interact with the MPs’ NR
fluorescence, 3) the specific types of organic material present in that matrix which could interfere with
MP detections (e.g. chitin in seawater samples or lipid residues in gastrointestinal tracts (GITs) of fish), 4)
the microscope model and magnification used to perform the analyses, and so on. Consequently, the
lower accuracy obtained when testing the interoperability of the models does not impede their
implementation elsewhere. Instead, it emphasises the adaptability of the developed method. Giving
laboratories the ability to efficiently create customised datasets allows them to address specific
challenges encountered, thereby strengthening the robustness of the method and its successful

deployment in diverse environments.

Additionally, this cost-effective approach is particularly beneficial for laboratories that lack the expensive

equipment often associated with MP analysis (Primpke et al., 2020a). In this way, the approach enables a
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broader range of laboratories to engage in MPs research, facilitating the advancement of knowledge on

plastic pollution across diverse marine environments worldwide.

5. Conclusion

Both DT and RF models demonstrated high accuracy in detecting pristine and weathered MPs. Despite
their complexity, RF models are preferred for polymer identification due to their superior performance
and minimal increase in computational time. Although the models generally had a high predictive
reliability, incorporating RGB data from weathered particles could further enhance accuracy for specific
polymers like PET. The models also proved effective in detecting and identifying MPs smaller than 10 um,
underlining their potential in analysing ecotoxicologically relevant MPs in marine environments. Although
interlaboratory assessments revealed challenges related to microscope type variations, the adaptability
of the RF models allows customisation to specific conditions, ensuring robustness and successful

application in diverse settings.

The relevance and novelty of the method are underscored by its ability to accurately analyse MPs
weathered under various marine conditions, making it highly applicable to real-world environmental
samples. Additionally, its capability to detect ecotoxicologically relevant MP sizes in a cost- and time-
effective manner addresses a critical gap in MP research. Moreover, by providing a cost- and time-
effective alternative to traditional methods, the ML-based method enables a wide range of laboratories

to engage in MP research.
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