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Abstract

Unlike chemicals, microplastics (MPs) lack standardized identifiers, limiting the
applicability of traditional predictive ecotoxicology methods such as quantitative structure-
activity relationship (QSAR) models. This study aimed to predict MP toxicity using MP
properties, MP concentration, organismal traits, endpoints, and experimental design, and to
evaluate how data pre-processing, dataset size, and quality influence model performance. We
applied the Boosted Regression Tree (BRT) machine learning algorithm to four datasets derived
from the Toxicity of Microplastics Explorer database (ToMEx 2.0): (i) imputed missing values,
(if) complete-case (missing values removed), (7ii) high-quality data, and (iv) low-quality data.
The high-quality dataset yielded the best final predictions for both random cross-validation
(AUC = 0.93) and blocked cross-validation by particle identifier (AUC = 0.87). Explainable
artificial intelligence (xAl) analyses showed that predictive performance was primarily
determined by endpoints and concentration, with MP properties contributing despite limited
reporting. Our findings demonstrate the feasibility of machine learning to predict and identify
key drivers of MP toxicity, highlighting that high-quality data improves predictive performance
while reducing data mining and computational costs. Standardized experiments, detailed MP
characterization, and high reporting standards would better support risk assessment frameworks
and inform the design of safer materials.
Keywords: ecotoxicology, explainable artificial intelligence, predictive modeling, microplastic

properties, risk assessment
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1. Introduction

Microplastics (MP; < 5 mm) are a complex and multidimensional group of pollutants
(Rochman et al., 2019). Each MP particle has its own set of physicochemical properties, or
“traits” related to shape, size, polymer type, surface charge, eco-corona, and plastic-associated
chemicals, including additives (Hartmann et al., 2019; Lambert et al., 2017). Moreover, MP
properties change under degradation or weathering processes due to exposure to the natural
environment (e.g., temperature, UV light, and wind; Menzel ef al., 2022; Ramsperger ef al.,
2020). Studies have shown that properties such as size (Abarghouei et al., 2021), shape
(Schwarzer et al., 2022), surface characteristics (Wieland et al., 2024), and polymer type
(Hodkovicova ef al., 2022) significantly contribute to toxicity by influencing bioavailability,
biological interactions, and the severity of adverse effects upon exposure (Wieland et al., 2022).
To comprehensively understand the effects of MP exposure, it is essential to consider their
diverse physicochemical properties and interactions.

Additionally, experiments on MP toxicity are often time-consuming and extensively
reliant on animal testing, particularly in risk or hazard assessment contexts. A comprehensive
hazard assessment of multiple MPs and their combined properties across different species and
endpoints would require testing an impractically large number of MP property combinations
across all relevant species and endpoints, making such an approach inefficient and resource-
prohibitive (Koelmans et al., 2023). Similarly, it is increasingly recognized that testing every
plastic-associated chemical in a laboratory is infeasible and ethically undesirable given the large
number of plastic chemicals, estimated at over 16,000 (Monclus et al., 2025).

This challenge has driven the implementation of New Approach Methodologies
(NAMs) for chemical hazard assessments, which, in a broader context, include in-chemico, in-
silico, and in-vitro approaches (European Chemicals Agency, 2016). NAMs aim to reduce

animal testing and enable more cost- and time-efficient chemical assessments. Chemicals can
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be linked to unique identifiers (e.g., SMILES and CAS numbers) through their well-defined
molecular structures and stable properties, which facilitates the use of in-silico NAMs by
ensuring the integrity and reproducibility of chemical information across databases and
publications (Miiller, 2025). Within the NAM frameworks, particularly quantitative structure-
activity relationship (QSAR) modeling, has demonstrated robust predictive capabilities for
chemicals by establishing mathematical correlations between chemical structure and its toxic
outcomes (Tropsha, 2010).

Within QSAR modeling, particularly machine learning (ML) methods have emerged as
a promising alternative to more rigid statistical models. More generally, ML techniques employ
a variety of algorithms to identify patterns in data and generate predictions (Pichler & Hartig,
2023), establishing complex relationships between molecular structures and toxicological
outcomes. First approaches have been published that apply ML-based modeling to predict MP
toxicity by linking MP properties to observed effects (Wang et al., 2026; Zhang et al., 2025).
The integration of plastic material properties into these models can support the development of
safer, more environmentally friendly plastic materials, thereby further reducing the need for
animal testing in material development. Furthermore, a predictive approach to MP toxicity can
identify data gaps, highlighting areas that need further investigation. However, a limitation of
deploying ML algorithms is their lack of interpretability (Rudin, 2009). Unlike statistical
models, ML algorithms do not report coefficients that precisely address how traits are related
to toxicity. Fortunately, explainable artificial intelligence (xAl) tools enable understanding of
how and why ML algorithms make their predictions (Renftle ez al., 2024), potentially allowing
identification of MP properties or experimental conditions that drive toxicity.

While the idea of using ML to predict MP toxicity from MP properties is appealing, thus
far, only a few studies have used ML approaches to predict the toxicity of MP (e.g., Choi et al.,

2023; Liet al., 2025; Wang et al., 2026; Zhang et al., 2025; Zhen et al., 2023). Most studies on
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MP research have used ML methods for identification (Gong et al., 2023; Meyers et al., 2024),
detection (Devipriya et al., 2025; Jin et al., 2024; Khanam et al., 2025), or MP quantification
tasks (Tran et al., 2023). From toxicity studies, the focus is often on human health, with
predictions based on tissue or cell cultures from limited datasets (e.g., Choi et al., 2023; Zhen
et al., 2023). Recently, one study (Zhang et al., 2025) applied ensemble ML to explore factors
influencing the combined toxicity of plastic-pollutant mixture across different species, using
data from 41 studies (351 data points), including nine input features describing the
physicochemical properties of MPs (e.g., polymer type, shape, size) and experimental
conditions (e.g., exposure duration and concentration). However, the domain of applicability
remained narrow, with only three polymer types (i.e., polystyrene, polyethylene, and others)
and one endpoint (survival rate) included, providing a valuable but limited basis for
generalizing the results (Zhang et al., 2025). Another recent publication (Wang et al., 2026)
used random forests as the top-performing ML algorithm to predict NOEC (no observed effect
concentration) values from MP toxicity data across aquatic species. Still, the study included
only five polymer types (i.e., polystyrene, polyethylene, polypropylene, polyethylene
terephthalate, and polyvinyl chloride) and seven predictor variables: polymer type, shape,
length, density, species group, endpoint, and environment.

To increase the environmental relevance of these predictive modeling approaches for
MP toxicity, larger, more ecologically diverse datasets are needed, including information from
multiple species, endpoints, and a broad range of MP particles with variable physicochemical
properties (Yu et al., 2022). To date, the largest publicly available database covering this
diversity is the Toxicity of Microplastics Explorer (ToMEx 2.0) database (Thornton Hampton
et al., 2022; Thornton Hampton et al., 2025). For this task, almost 60 scientists worldwide
mined and validated 6,927 data points from 124 publications, covering approximately two years

of research on MP effects on aquatic organisms.
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With the growing number of publications from MP research, there have been increasing
calls to standardize key aspects of MP toxicity studies, which is also pivotal for QSAR of MP
toxicity. In response, quality criteria were proposed (de Ruijter et al., 2020; Mehinto et al.,
2022) to better align MP research with established standards in other ecotoxicological fields
(e.g., chemical testing). To identify the relevant datasets required for the development of
preliminary risk assessments and thresholds, the ToMEx 2.0 database incorporates data scores
based on de Ruijter et al. (2020) and Mehinto et al. (2022), rating each experiment according
to the minimum technical and risk-assessment quality criteria to be deemed reliable and
informative for hazard assessment (Kennedy et al., 2025). However, the importance and
effectiveness of data quality in predictive models of MP toxicity are still poorly understood.

In this study, we integrate information from 28 polymer types and 45 features related to
MP properties, species, endpoint, and experimental design. We predicted MP toxicity and
utilized xAI approaches to identify the most important features for toxicity prediction and thus
identify key drivers of MP toxicity. For this task, and to understand how dataset size, data
quality, and data pre-processing approach influence the predictions, we used four different data
sets derived from the ToMEx 2.0: (i) an imputed dataset (i.e., where we imputed missing
values); (i7) the complete-case dataset (i.e., with missing values removed); (ii7) a high-quality
dataset; and (iv) a low-quality dataset. Each dataset was evaluated using two different cross-
validation schemes: (i) stratified random cross-validation and (ii) blocked cross-validation by
particle identifier (i.e., particle ID). We hypothesize that predictors such as MP size and
concentration, as well as species- and endpoint-related features, significantly contribute to
toxicity prediction, and that the high-quality dataset is likely to yield the best predictive

performance.

2. Materials and Methods
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Data source

As the basis for our predictive models, we used ToMEx 2.0, an open-source database
that aggregates published data on the effects of MPs on aquatic organisms, along with their
corresponding data quality scores (Thornton Hampton et al., 2025; Thornton Hampton et al.,
2022). This database comprises nearly 13,000 data points extracted from 286 published papers.
The ToMEx 2.0 database is the result of an international crowdsourcing effort that extended
ToMEXx 1.0 by mining and validating literature on MP toxicity to aquatic organisms published
between January 1, 2021, and January 11, 2023 (Thornton Hampton et al., 2025). In ToMEx
2.0, toxicity is defined as a binary response variable: toxic effect found (yes = 1) or not found
(no = 0), based on whether the treatment containing MP particles differed statistically from the

particle-free control as reported by the authors.

Data preparation

To increase taxonomic consistency in the dataset, we removed the data points that used
plants and the unsuitable features from all four datasets (see File S2). In ToMEx 2.0, we often
have several data points corresponding to nominally identical particles. Since we also aim to
predict particles for which no prior information is available (i.e., particles not included in the
training phase), we created particle identifiers (particle IDs) based on unique combinations of
DOI, polymer type, particle shape, and particle length (um), which were used to guide the data
split for blocked cross-validation.

Where possible, missing values were first manually imputed by selecting the most
reasonable estimates. Missing temperature values were first imputed using the median
temperature for each species, assuming that temperatures in the experimental protocols would
be similar within each species. If no data were available for the same species, the remaining

missing temperature values were filled in using the median temperature for each organism
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group (i.e., higher taxonomic groups, e.g., crustacea, fish, insects) Particles with lengths > 1000
um were flagged for manual review before imputation. The corresponding publications were
reviewed to confirm reporting accuracy; corrections were made if necessary, and corrected
values were incorporated into the TOMEXx 2.0 database. If the particle width (um) was missing,
but particle length (um) was reported and the MP shape was spherical, the width was assumed
to be equal to the reported length. For particle-only studies (i.e., no co-exposure), missing
values for the chemical dose (mg/L) were set to zero. When sample sizes were reported as
concentrations within the test vessels, or were missing because they were uncountable (e.g., for
organism groups such as algae, bacteria, cyanobacteria, and dinoflagellates), we standardized
the sample size to n = [ to reflect the single test vessel from which the measurements were
derived. For missing polymer density values, we first added the median density (g/cm?) for each
polymer type with available values. The remaining missing values were then filled with
literature-based densities for specific polymers. Factor levels were collapsed and harmonized,
when necessary, for the following factorial features: life stage, sex, exposure route, particle
mix, exposure media, solvent, detergent, chemicals added, effect, direction, target cell or tissue,
polymer, particle source, sodium azide present, particle cleaning, solvent rinse, particle
behavior, organism fed, and weathered or biofueled. Variables not relevant for prediction (e.g.,
DO, year, authors), related to quality scores (e.g., particle size score, polymer type score), as
well as features with above 51% of missing values (e.g., pH, charge, zeta potential), were
dropped. A lower threshold would lead to a drop in many relevant features, such as particle
width and concentrations. For a complete list of features used and dropped, along with their
corresponding NA percentages, please see File S2.

To evaluate how data pre-processing, dataset size, and data quality influence the
predictive performance of the models, we derived four datasets using different pre-processing

approaches from the ToMEx 2.0 database. (i) The first dataset (imputed dataset; 11,404 data
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points, 261 studies) included all data points from the TOMEx 2.0 aquatic database after our data
preparation described above. In the imputed dataset, the remaining missing values were imputed
separately for two feature groups using the missRanger package (Mayer, 2024), which
implements random-forest-based imputation by estimating the most likely values for each
missing observation. The first feature group consisted uniquely of features related to
experimental characteristics (17 features, e.g., exposure duration, sample size, endpoint). This
feature group was used because we expected that experiments that resemble each other in their
reported features would also resemble each other in non-reported features. The second feature
group consisted of stressor-related features (20 features, e.g., particle length, particle shape,
solvent rinse). The multiple imputations were performed on the training subset (see section
‘Data split’ below). To avoid data leakage (i.e., the leakage of information from the training to
the test and validation sets), missing values in the validation and test subsets were imputed
using the random-forest-based model previously trained on the training subset. (i) For the
second dataset (complete-case dataset), we removed all samples that contained at least one
missing value in the features. This resulted in a much smaller dataset (4,514 data points; 128
studies). (iif) The complete-case dataset was then further filtered according to the quality criteria
established by Mehinto et al. (2022) and de Ruijter et al. (2020). Only data points from
experiments meeting the minimum technical and risk assessment quality criteria requirements
were kept (high-quality dataset; 2,038 data points; 54 studies). For a comprehensive
understanding of the quality criteria thresholds, refer to Thornton Hampton ef al. (2022, Table
S2). (iv) Finally, for comparison, we created a fourth dataset (low-quality dataset; 1,816 data
points, 84 studies), including only samples that failed to meet the minimum quality criteria, for
either technical or risk assessment. For this last dataset, we expected lower predictive

performance than for the other datasets.
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Data split

Random cross-validation assumes that all data points are independent, while blocked
cross-validation assumes that data points are grouped (e.g., by particle) and that the entire group
should be assembled in the same cross-validation folder, in order to reflect predictions for
unseen groups. Therefore, blocked cross-validation provides a more realistic scenario when the
goal is to generalize new particles. For the random cross-validation, each of the four datasets
was split into three stratified subsets (training, validation, and test), while preserving the
distribution of the binary response variable (i.e., toxicity: yes = 1, no = 0) in each split (see
Table S1). Each dataset (imputed, complete-case, high-quality, and low-quality) maintained an
approximate ratio of 60% training, 20% validation, and 20% test concerning the whole dataset.
For the blocked cross-validation, in addition to the rough stratification based on the binary
response variable, the split was performed at the particle ID level to ensure that all
measurements from the same particle were assigned to only one subset (i.e., either training,
validation, or test) to avoid identical particles being present in more than one data subset. For
the blocked cross-validation, each dataset (i.e., imputed, complete-case, high-quality, and low-
quality) also maintained an approximate 60% training, 20% validation, and 20% test split, based

on the total number of particle IDs (see Table S2).

Modeling and evaluation

To predict the response variable (i.e., MP toxicity), we used the decision-tree-based
Boosted Regression Tree (BRT) method, an efficient ML algorithm suitable for both regression
and classification tasks that improves predictive performance by sequentially fitting several
models in an iterative process (Elith et al., 2008). In ML research, it is widely accepted that
classical ML algorithms, such as BRT (in particular, extreme boosting), achieve higher

accuracy on tabular datasets. The performance of ML algorithms depends strongly on their
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hyperparameters that, for example, control their complexity (i.e., regularization). We performed
hyperparameter tuning using a random grid of 100 parameter set combinations, first selected
from hyperparameter ranges informed by our prior knowledge (see the list of parameters in
Table S3).

Model performance was then evaluated using a 5-fold cross-validation on the training
subset. In each iteration, one subset served as the validation set while the remaining four were
used for training. For the blocked cross-validation by particle ID, the 5-fold split was based on
the particle ID. We created the five folds with roughly equal numbers of particles, ensuring that
all particles in each fold remained within that fold. After splitting, the particle IDs were
removed and not used as a predictive feature. The average training performance was calculated
for each of the five iterations under both cross-validation strategies. This process was repeated
for each of the 100 hyperparameter combinations. The best-performing hyperparameter set was
used to fit a BRT to the training subset. This model was then used to predict effects on the
validation subset. If performance on the validation subset continued to improve after tuning,
we adjusted the hyperparameter range and repeated the entire procedure. After optimizing
model tuning (i.e., predictive performance on the validation subset was satisfactory), the final
model was fitted using the best hyperparameters on the combined training and validation
subsets. This final model was subsequently used to predict MP toxicity in the independent test
subset and to assess its final predictive performance.

To evaluate the models (including hyperparameter tuning), we used Receiver Operating
Characteristic (ROC) curves and their respective AUC (area under the ROC curve) values as
measures of predictive performance. AUC values measure the ability of a model to distinguish
between classes, in our case, MP toxicity present (yes = 1) or absent (no = 0) by ranking the
continuous probabilities. Similarly, we calculated the Precision-Recall Area Under the Curve

(PR-AUC). By plotting precision against recall, the PR-AUC focuses on the positive instances,
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being a meaningful metric for binary classification, especially when the positive class is rarer.
Both ROC-AUC and PR-AUC range from 0 to 1, where 1 indicates a perfect predictive
performance; 0.5 corresponds to random guessing, and O suggests completely incorrect
predictions. Additionally, we calculated the Matthew’s Correlation Coefficient (MCC) on the
final model (i.e., for the best threshold) to evaluate whether the AUC value is inflated by the
imbalance on the predictor variable (effect yes = ~35%; effect no = 65%). Unlike other metrics
(e.g., accuracy), which can be misleading when one class is more frequent than the other, MCC
only scores high when both classes perform well. The MCC values range from -1 (total incorrect
classification) to 1 (perfect classification), with 0 indicating performance no better than random

guessing.

Feature importance

To identify the features driving MP toxicity prediction, we applied XAl methods to a
high-quality dataset using the best-performing model under either random or blocked cross-
validation. Permutation importance for features was derived from the blocked cross-validation
model to understand how input features contribute to model predictions (Fisher et al., 2019).
Permutation importance was assessed by comparing the AUC of the baseline model (i.e.,
predictions on the original dataset) with the AUC obtained when a feature’s values were
randomly shuffled. The shuffling process was repeated 20 times for each feature, and the
average percent reduction in AUC relative to the baseline AUC was calculated to assess the
drop in model performance when feature values were randomized.

To infer potential feature-feature (trait-trait) interactions among numerical features
across studies, we used the XAl Average Conditional Effect (ACE) method to estimate pairwise
feature interactions from the blocked cross-validation model. Conditional effects quantify how

model predictions change when one predictor is varied while all the others remain at their
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observed values. Unlike classical marginal effects, which are based on unit changes, conditional
effects are computed using small changes in the predictor (finite difference). These local effects
are then averaged across observations to obtain an average conditional effect for each predictor
(the global effects). Two-way conditional effects are computed by jointly perturbing two
predictors by small amounts.

To determine whether MP properties are important for predicting MP toxicity or
whether toxic outcomes are driven primarily by concentration or experimental design, we
investigate the contribution of each feature category (i.e., concentration, endpoint, experiment,
MP, and species) using a feature-group ablation analysis. We used the best model from both
random and blocked cross-validation to train models under 10-fold cross-validation with
different combinations of the five feature categories. Under the blocked cross-validation, each
particle ID was assigned to only one of the 10 folds. For each model, the mean and standard
deviation (SD) of the AUC values across folds were recorded. All data modeling and

visualizations were performed in R (version 4.4.1; R Core Team, 2024).

3. Results

Overall, our models performed well, demonstrating that predicting MP toxicity using
the selected features is feasible, despite the high heterogeneity in the ToMEx 2.0 data.
Predictions on the test subset using the random cross-validation scheme (Figure 1A) achieved
the best predictive performance with the high-quality dataset (AUC = 0.93), the only one to
reach an AUC value above 0.9, followed by the imputed (AUC = 0.90), complete-case (AUC
=0.87), and low-quality dataset (AUC = 0.84). Additional AUC values from the training phase
are provided in Tables S4 and S5. The blocked cross-validation (Figure 1B) also performed
best with the high-quality dataset (AUC = 0.87), followed by the low-quality dataset (AUC =

0.75), the imputed dataset (AUC = 0.69), and the complete-case dataset (AUC = 0.67). Under
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random cross-validation (Figure 1C), PR-AUC values followed the order: high-quality (PR-

AUC = 0.91), imputed (PR-AUC = 0.83), complete-case (PR-AUC = 0.82), and low-quality

(PR-AUC = 0.78). Under blocked cross-validation (Figure 1D), PR-AUC values were highest

for the high-quality dataset (PR-AUC = 0.78), followed by complete-case (PR-AUC = 0.64),

low-quality (PR-AUC = 0.63), and imputed (PR-AUC = 0.51). Additional MCC values are

reported in Table S6.
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Figure 1. Comparison of the performance of models trained on imputed, complete-case, high-quality, and low-quality
datasets. (A) and (B) show ROC (receiver operating characteristic) curves and AUC (area under the curve) values derived from
predictions on the independent test subset for both cross-validation schemes. (A): ROC-curve under random cross-validation.
(B): ROC-curve under blocked cross-validation. (C) and (D) show area under PR-AUC (precision-recall area under the curve)
curves derived from predictions on the independent test subset for both cross-validation schemes (C): PR-curve under random
cross-validation. (D): PR-curve under blocked cross-validation. The diagonal line (dashed grey) represents a random

classification for reference.

The calculation of permutation importance for the top 15 features (Figure 2) revealed
that the broad endpoint (e.g., fitness, metabolism, etc.) was the most crucial feature, resulting
in an AUC decrease of 12.6%, followed by the endpoint (e.g., population size, catalase activity;
AUC decrease of 8.3%). Still within the endpoint category, the target cell or tissue (AUC
decrease of 2.4%) and the specific endpoint (e.g., reproduction, oxidative stress; AUC decrease
of 1.9%) are among the top-ranked features. The three concentrations reported in different units
also appeared: concentration in mass (pug/mL; AUC decrease = 8.3%), concentration in number
of particles (particles/mL; AUC decrease = 3.5%), and concentration in volume (um?*/mL; AUC
decrease = 2.2%). For the experiment category, replicates (AUC decrease = 3%) and exposure
duration in days (AUC decrease = 1.8%) are also observed. From the species category, species
(AUC decrease = 6.2%), estimated body length (cm; AUC decrease = 1.6%), organism group
(AUC decrease = 1.1%), and maximum ingestible size (mm; AUC decrease = 1.1%) also
contributed to the predictive performance. Two microplastic-related features: particle length
(um; AUC decrease = 2.3%) and density (g/cm?®; AUC decrease = 1.5%) complete the top 15

ranking of most important features.
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346 Figure 2. Top 15 decreases in AUC (area under the curve) relative to the baseline model after 20 random shuffles per
347 feature for the final model on the high-quality dataset under the blocked cross-validation scheme. Colors indicate assignments
348 of features to feature categories: concentration (blue), endpoint (pink), experiment (orange), microplastic (yellow), and species
349 (green). Horizontal black bars correspond to the 95% confidence interval (CI).
350
351 The Average Conditional Effect (ACE) of pairwise interactions (Figure 3) for numeric
352 features shows how interactions between pairs of features increase (blue) or decrease (red) the
353 probability of observing a toxic outcome. The strongest negative interaction was observed
354 between particle concentration (um*/mL) and mass concentration (ug/mL). In contrast, the
355 strongest positive interaction was observed between concentration in mass (pg/mL) and particle
356 length (um). The particle length (um) also showed a strong positive interaction with the
357 estimated body length (cm) and a weaker, but still positive, interaction with the estimated
358 maximum ingestible size (mm).
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Figure 3. Heat map showing the pairwise interaction strengths of the average conditional effect (ACE) for the high-
quality dataset fitted with the hyperparameters from the blocked cross-validation scheme. Interactions in blue increase, and
those in red decrease, the probability of observing a toxicity effect. Each feature belongs to one of the following categories:

Conc (concentration), Exp (experiment), MP (microplastic properties), and Species (species-related traits).

The feature-group ablation analysis (Figure 4) to assess whether MP properties or other
feature categories are more relevant for toxicity prediction shows that, overall, all feature
groups (i.e., concentration, endpoint, experiment, MP, and species) contribute to the predictive
model's performance. Concentration and endpoint are the most critical groups, particularly
when not included as a single group predictor. Under the random cross-validation scheme
(Figure 4A; Table S7), the model's best performance included all categories (0.908 + 0.025),
followed by models with four categories, excluding either species (0.907 = 0.019) or experiment
(0.901£0.014). For ablation analysis on single-category models, endpoint presented the highest
performance (0.815 £ 0.033), followed by experiment (0.793 + 0.031), species (0.772 = 0.031),

concentration (0.760 + 0.030), and MP properties (0.759 £ 0.043). Under the blocked cross-
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validation scheme (Figure 4B; Table S8), the SDs are larger and overlap more strongly across
different feature combinations. The highest average value includes four categories:
concentration, endpoint, experiment, and species (0.782 £+ 0.098); followed by the groups with
concentration, endpoints, and experiment (0.779 + 0.063), and concentration, endpoints,
experiment, and MP (0.776 + 0.096). Among the single-category models, endpoints ranked
highest (0.727 = 0.069), succeeded by species (0.698 + 0.101), experiment (0.638 + 0.106), MP

(0.604 + 0.120), and concentration (0.566 + 0.084).
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Figure 4. Barplot showing the mean AUC + standard deviation for the high-quality dataset across models with
different feature categories included and evaluated using 10-fold cross-validation. A: Random cross-validation. B: Blocked
cross-validation. The inclusion of distinct feature sets in each model is indicated below its corresponding bar by colored

squares: species (green), microplastic (yellow), experiment (orange), endpoints (pink), and concentration (blue).

Discussion
Despite the high heterogeneity of our data, our models successfully predicted MP

toxicity based on the data provided in ToMEx 2.0. Despite being one of the two smallest
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datasets (~2,000 data points), the high-quality dataset outperformed the larger imputed
(>11,000 data points) and complete-case (>4,000 data points) datasets. When comparing the
two cross-validation schemes, the random scheme (AUC = 0.930) outperformed the blocked
scheme (AUC = 0.870). This decline in performance under blocked cross-validation was
expected, as the model had to predict the toxicity of new MP particles that were entirely
unknown during training. In contrast, random cross-validation allows both training and testing
on identical MP particles when several data points are derived from the same experiment, likely
leading to data leakage. The practical use of predictive modeling approaches in ecotoxicology
requires reliable toxicity predictions of entirely untested substances or materials, and this
concept aligns with our blocked cross-validation scheme.

Beyond the cross-validation scheme, the effectiveness of predictive models is
influenced by data quality, including bias, noise, sample size, and mislabeling (Mohammed e?
al., 2025). Similarly, we found the best predictive performance on the high-quality dataset
(~2,000 data points across 54 studies), demonstrating that focusing on data quality is more
important than increasing the total amount of data. In consequence, prioritizing high-quality,
well-characterized experiments and good data reporting is crucial to improve predictive
performance while reducing data mining efforts and computational costs (Kennedy et al.,
2025).

Permutation importance and feature-group ablation analyses indicated that, although
information on MP properties is limited, the included properties, mainly particle length and
density, contribute to MP toxicity prediction (Figure 2 and 4). Based on current availability data
from published studies, the association between toxic outcomes and MPs is limited to a few
commonly reported MP properties (i.e., shape, density, and dimensions). Plastic-associated
chemicals, such as additives and non-intentionally added substances, are often unknown or

unreported in the published literature but have been shown to contribute to MP toxicity in
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several studies (Schrank et al., 2019; Seewoo et al., 2023; Yu et al., 2024). Even nominally
identical MP particles can vary substantially in their toxicology (Ramsperger et al., 2022),
influenced by frequently unmeasured and unreported properties, such as zeta potential and
surface charge (Wieland ef al., 2024). Despite this limitation on MP research, a few studies
have shown that meaningful toxicity predictions can still be derived from a small set of
commonly reported MP properties (e.g., Wang et al., 2025; Zhang et al, 2025).

More specifically, we found that particle size, measured as length, was the most
important MP property for toxicity prediction (Figure 2), which aligns with previous
publications (Wang et al., 2025; Zhang et al, 2025). The representative study conducted by
Wang et al. (2025) used random forest to predict NOEC values using the ToMEx database as
the data source and including only seven features (i.e., polymer type, shape, length, density,
species group, endpoint, and environment) and found that MP length was the most important
feature. Consistent with the findings of Zhang et al. (2025), particle size, measured as diameter,
was identified as the most important MP property for toxicity prediction. In ecotoxicological
research, the size of MP has been associated with adverse effects (Cui et al., 2024), with smaller
particles generally inducing higher toxicity (Wieland et al., 2022). This relationship was
observed across several endpoints and different species (An et al., 2021; Ding et al., 2024; Zhou
et al., 2023). The greater biological impact of smaller particles is primarily due to their higher
surface-to-volume ratio, which enhances their reactivity and their potential for uptake by
organisms (Koelmans et al., 2022). These findings reinforce the relevance of using predictive
models to assess MP toxicity and to improve our understanding of toxicity drivers.

To advance predictive modeling and regulatory frameworks, a stronger focus on
characterizing MP properties is essential to disentangle their individual contributions to toxicity
(Liu et al., 2024). The standardization of experimental design in MP research, as in other fields

(e.g., the OECD guidelines for chemicals), would further enhance the comparability of results
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across studies (de Ruijter et al., 2020). By identifying the key toxicological MP properties,
models like those presented in our study could be developed to recognize less hazardous
combinations of MP properties, thereby informing the design of safer plastic materials in the
future.

The lower discrepancies between ROC-AUC and PR-AUC for the high quality dataset
(random cross-validation = 0.02; blocked cross-validation = 0.09) compared to the imputed
(random cross-validation = 0.07; blocked cross-validation = 0.18) and low-quality datasets
(random cross-validation = 0.06; blocked cross-validation = 0.12) suggest that model sensitivity
to class imbalance (effect yes = ~35%; effect no = 65%) and to minority class-performance
(i.e., when toxic effect occurs) strongly depend on data quality and validation strategy. The
consistent superior performance of the high-quality dataset across all evaluated metrics
indicates that data quality, rather than class imbalance alone, is the primary driver for model
performance.

Future studies could address class imbalance more directly using under- or
oversampling techniques (e.g., SMOTE). Another further extension would be to evaluate cross-
species generalization by implementing blocked cross-validation at the species level, allowing
predictions for unseen species during model training, similarly to the particle-level blocking
applied in our study. Additionally, extending the approach to regression-based models would
enable the prediction of concentrations at which effects are expected to occur, providing more
quantitative information for risk assessment. Future developments of these analyses, the
ToMEXx database, or any other effort in evidence synthesis, should quantify the documented
effects of MP, rather than relying on a binary classification (i.e., effect present or absent).

Within the current classification framework, our results indicate that the most crucial
predictor groups for toxicity prediction were endpoints and concentration. MP properties have

also contributed to predictive performance, despite the limited and frequently inconsistent
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information currently reported. Given these current data limitations, treating MPs as a pollutant
group in risk assessments, ideally using alignment methods (Koelmans et al., 2020), may be an
appropriate approach at this stage and can yield comparable risk estimates for management
decisions when associated uncertainties are quantitatively accounted for (Coffin et al., 2026).
More detailed risk assessments incorporating other MP characteristics are likely to become
increasingly valuable in the future, once a stronger mechanistic understanding and more
comprehensive MP characterization become available.

Our findings suggest that, in toxicity prediction, focusing on data quality is more
important than increasing the total volume of data. Prioritizing high-quality data therefore is a
promising strategy to reduce data mining effort while still improving predictive performance.
Although MP properties are limitedly reported, a few MP properties, mainly particle length and
density, emerge as important features for toxicity prediction. Greater standardization of
experiments ensuring more detailed MP characterization and higher reporting standards, could
therefore better support risk assessment frameworks and guide the development of safer, lower-

toxicity materials in the future.
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Table S1. Number of data points for the training, validation, and test subsets of the four

datasets used under random cross-validation.

IMPUTED

Number of data points with effect
absent (response = 0)

Number of data points with effect
present (response = 1)

Training 4602 2349
Validation 1546 793
Test 1513 787
COMPLETE-CASE
Number of data points with effect Number of data points with effect
absent (response = 0) present (response = 1)
Training 1557 1150
Validation 519 383
Test 520 385
HIGH-QUALITY
Number of data points with effect Number of data points with effect
absent (response = 0) present (response = 1)
Training 687 535
Validation 229 178
Test 230 179
LOW-QUALITY
Number of data points with effect Number of data points with effect
absent (response = 0) present (response = 1)
Training 639 450
Validation 213 150
Test 214 150




Table S2. Number of particle identifiers (particle ID) and data points for the training,

validation, and test subsets of the four datasets used under blocked cross-validation.

IMPUTED

Number of data points with

Number of data points

N f particle ID ith effect t
umber of particle IDs effect absent (response = 0) with effect presen
(response =1)
Training 309 4497 2439
Validation 105 1390 673
Test 101 1676 729
COMPLETE-CASE
f dat int
. Number of data points with Nun.lber of data points
Number of particle IDs with effect present
effect absent (response = 0)
(response =1)
Training 119 1362 895
Validation 42 622 485
Test 39 612 538
HIGH-QUALITY
f -
) Number of data points with Nurflber of data points
Number of particle IDs with effect present
effect absent (response = 0)
(response =1)
Training 53 681 488
Validation 19 332 311
Test 17 133 93
LOW-QUALITY
f dat int
. Number of data points with Nurflber of data points
Number of particle IDs with effect present
effect absent (response = 0)
(response =1)
Training 77 718 535
Validation 27 190 122
Test 25 158 93




Table S3. List of hyperparameter ranges used for model tuning under a 100-hyperparameter

grid.
Hyperparameter Value
max_depth from=4;to=20;by =1
eta from=0.01; to=0.1; by = 0.01
n.rounds from = 100; to = 700: by = 30
lambda 0,1,2.5,0or5
alpha 0,0.5,1,0r5

Table S4. Area under the curve (AUC) values for training, validation, and test sets across the

four datasets using random 5-fold cross-validation (CV).

Imputed Complete-case High-quality Low-quality
Training
AUC = 0.867 AUC =0.862 AUC = 0.866 AUC=0.831
(5-fold CV
average)
Validation AUC=0.871 AUC =0.868 AUC=0.885 AUC=0.892
Test AUC=0.896 AUC = 0.868 AUC=0.929 AUC=0.838

Table SS. Area under the curve (AUC) values for training, validation, and test sets across the

four datasets using blocked 5-fold cross-validation (CV) by particle identifier.

Imputed Complete-case High-quality Low-quality
Training
(5-fold CV AUC=0.735 AUC=0.736 AUC=0.740 AUC =0.668
average)
Validation AUC=10.703 AUC =0.736 AUC=0.679 AUC=0.453
Test AUC =0.689 AUC=0.672 AUC=0.870 AUC=0.747




Table S6. Matthew's Correlation Coefficient (MCC) and sensitivity for the best area under the

curve (AUC) threshold under the random and blocked cross-validation schemes.

Cross-validation Dataset Threshold Sensitivity MCC
Random Imputed 0.268 0.850 0.595
Complete-case 0.275 0.890 0.573
High-quality 0.290 0.932 0.690
Low-quality 0.560 0.653 0.570
Blocked Imputed 0.253 0.798 0.252
Complete-case 0.481 0.516 0.289
High-quality 0.207 0.924 0.618
Low-quality 0.425 0.784 0.398

Table S7. Feature-group ablation analysis under the random cross-validation scheme with

high-quality dataset.

Categories Mean =+ standard deviation
Concentration Endpoints Experiment Microplastic_Species 0.908 + 0.025
Concentration_Endpoints Experiment Microplastic 0.907 +0.019
Concentration Endpoints Microplastic Species 0.901+0.014
Concentration Endpoints Microplastic 0.898 + 0.020
Concentration Endpoints Experiment Species 0.896 + 0.022
Concentration Endpoints Experiment 0.895 +0.021
Concentration Endpoints Species 0.891 +£0.021
Endpoints Experiment Microplastic Species 0.873 £ 0.025
EndpointsMicroplastic_Species 0.869 + 0.023
Endpoints Experiment Microplastic 0.869 +0.028
Endpoints_ Microplastic 0.866 + 0.022
Concentration_Endpoints 0.865 + 0.033




Endpoints Experiment 0.857 £0.036
Endpoints Experiment Species 0.849 +0.032
Endpoints_Species 0.848 £ 0.013
Concentration Experiment Microplastic 0.845 £0.023
Concentration_Experiment Microplastic_Species 0.844 + 0.029
Concentration Experiment Species 0.842 +0.028
Concentration Experiment 0.840 = 0.030
Concentration Microplastic Species 0.833 £0.032
Concentration_Species 0.822 +0.042
Endpoints 0.815+0.033
Experiment Microplastic_Species 0.814 +0.032
Concentration Microplastic 0.813 +£0.032
Experiment Microplastic 0.810+0.023
Microplastic Species 0.796 + 0.027
Experiment 0.793 £ 0.031
Experiment Species 0.793 £0.033
Species 0.772 £0.031
Concentration 0.760 + 0.030
Microplastic 0.759 + 0.043

Table S8. Feature-group ablation analysis under the blocked cross-validation scheme with

high-quality dataset.

Categories Mean =+ standard deviation
Concentration Endpoints Experiment Species 0.782 +0.098
Concentration_Endpoints Experiment 0.779 + 0.063
Concentration Endpoints Experiment Microplastic 0.776 + 0.096
Endpoints Species 0.758 + 0.086
Concentration Endpoints Experiment Microplastic Species 0.750 + 0.083
Concentration Experiment 0.750 £ 0.058
Concentration_Endpoints_Species 0.746 + 0.098
Concentration Endpoints Microplastic Species 0.739 +£0.105
Endpoints Experiment Microplastic Species 0.738 £ 0.103
Concentration Experiment Microplastic Species 0.732 + 0.060




Endpoints 0.727 + 0.069
Concentration Microplastic Species 0.716 £0.091
Endpoints Experiment Species 0.715+0.124
Experiment Microplastic 0.708 = 0.134
Concentration_Endpoints 0.706 + 0.095
Concentration Endpoints Microplastic 0.706 + 0.139
Endpoints Microplastic_Species 0.706 + 0.082
Endpoints Experiment 0.705 + 0.098
Endpoints Experiment Microplastic 0.703 £ 0.100
Concentration_Species 0.703 £ 0.091
Concentration Experiment Microplastic 0.701 £ 0.072
Concentration Experiment Species 0.701 £ 0.146
Species 0.698 £ 0.101
Endpoints Microplastic 0.671 £ 0.094
Experiment Microplastic_Species 0.670 = 0.077
Microplastic Species 0.658 £ 0.098
Experiment 0.638 +0.106
Experiment Species 0.632+0.121
Microplastic 0.604 +0.120
Concentration_Microplastic 0.571 £ 0.088
Concentration 0.566 + 0.084




