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ARTICLE INFO ABSTRACT

Editor: Bernd Nowack Particle dissolution is a critical process in the environmental fate assessment of metal-based nanoparticles
(MNPs). Numerous attempts have been made previously to adequately quantify dissolution (kinetics), however,
existing dissolution data and models are generally limited to a few nanomaterials or specific time points. Hence,
they only capture phases of the process. This study aimed to develop a Quantitative Structure-Property Rela-
tionship (QSPR) model to predict the ion release (in %) of MNPs for different time points and water chemistry
conditions. Furthermore, many machine learning models are frequently plagued by a lack of data and recently
data augmentation has been suggested as a method to mitigate this issue. Therefore, we also investigated the
effects of data augmentation on QSPRs. Following data collection from literature, QSPR models were generated
and results indicate models with adequate performance (R? > 0.7). Results also demonstrated significant im-
provements in model performance with increasing amounts of applied data augmentation. However, a deeper
evaluation of the results also highlighted that data augmentation can lead to misleading and overoptimistic
model evaluation. Thus, proper model assessment is necessary when evaluating QSPRs. Variable importance
analysis results revealed that the “initial concentration” and features related to the size and shape of MNPs were
the most critical factors in the dissolution process. The predictive models generated here for MNP dissolution can
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improve nanomaterial testing efficiency and guide experimental design.

1. Introduction

Metal-based nanoparticles (MNPs) have been increasingly imple-
mented into household (Lowry et al., 2019) and consumer products (J.
Li et al., 2022) over the past decades. Following the use of such a
product, a wide range of structurally and chemically diverse MNPs will
unavoidably be released into the aquatic environment (Gardea-Torres-
dey et al., 2014; Poynton et al., 2019). When released into aquatic
ecosystems, MNPs undergo various transformations like dissolution,
aggregation/agglomeration, adsorption, deposition and redox reactions
(Amde et al., 2017; Hedberg et al., 2019; Tangaa et al., 2016). Particle
dissolution is considered a key parameter that mediates MNP fate and
toxicity. After MNPs dissolve, they will predominantly be present in two
forms: MNP particles and metal ions shed from the MNPs (X. Li et al.,
2010). These different forms influence the behavior and distribution of
the MNPs across environmental compartments. This in turn also in-
fluences the exposure potency as well as potential toxic effects of MNPs
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towards aquatic species (Ding et al., 2022; Kang and Park, 2021;
Tschiche et al., 2022). In general, — depending on the dissolution rate -
both particulate and ionic forms of MNPs contribute significantly to
overall toxicity (Tripathy et al., 2014; Zhai et al., 2017). The ion release
is influenced by several factors, including the physico-chemical prop-
erties of MNPs (e.g. particle size, shape, surface chemistry) and the
composition of the surrounding environment (e.g pH, temperature,
ionic strength) (Loza et al., 2014).

The wide variety of MNPs with different physico-chemical properties
makes it impossible to measure all processes at the particle surface,
especially when they are exposed under different conditions (Odzak
et al., 2015) and hence fate dynamics can fluctuate significantly. To
address this problem, developing computational models to predict the
properties or toxic effects of MNPs in a prospective manner without
testing all combinations and dynamics, is urgently needed in view of the
complexity of MNPs and their interactions within aquatic environments.
Among the new approach methodologies (NAMs) based on in silico
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predictions, Quantitative Structure-Property Relationship (QSPR)
modelling proves to be a useful tool for the prediction of material
properties by providing a mathematical correlation with its chemical
structural features (J. Li et al., 2022). To date, various QSPR models
have been created in relation to MNPs with the majority focusing on
endpoints such as zeta potential (Abbas et al., 2020; Mikolajczyk et al.,
2015; Toropov et al., 2018). While particle dissolution is considered a
crucial element of MNPs, QSPRs for the prediction of particle dissolution
remain explored to a lesser extent. Recently, few QSPR methods have
been applied in methodological studies for the quantitative prediction of
particle solubility, however these are mainly limited to Cgp and Cyo
fullerenes (Gupta and Basant, 2018; Toropova et al., 2011). Another
aspect that is often also overlooked in QSPRs (and QSARs) is the influ-
ence of exposure conditions (Balraadjsing et al., 2024). By incorporating
a wide range of MNP descriptors (e.g. size, shape, surface chemistry, and
surface area-to-volume ratio), along with experimental dissolution data,
QSPR models have the potential to effectively predict particle dissolu-
tion and provide valuable insights into the factors influencing MNP
dissolution. This also enables safer and more efficient design of MNPs
and their application in various fields.

Meanwhile, machine learning (ML) enables researchers to analyze
large data sets by training models that can be used to classify observa-
tions into discrete groups, learning which features are important, or
predicting the outcome of new experiments (Brown et al., 2020). ML
algorithms such as random forests, support vector machines, and neural
networks, have shown great promise in handling complex data sets and
extracting meaningful patterns from toxicity data (Huang et al., 2022).

The main goal of this study is to develop a ML-based QSPR model
that can predict the percentage of ion release from MNPs at any time
point during the dissolution process. To achieve this goal, we performed
two research steps. The first step was collecting data on MNPs physico-
chemical and water chemistry properties using published literature
where MNP dissolution was measured experimentally. As a second step,
data amplification was used to gradually increase the size of the
collected data after which QSPR models were created and variable
importance was assessed. By gradually increasing the amount of
amplified data, we could also investigate the effect data amplification
has on model performance. The QSPR model developed here helps gain
insight into the dynamic ion release process of MNPs and the necessary
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factors needed to create such QSPR models. By also investigating the
effect of data augmentation, we gain deeper knowledge into how ma-
chine learning models are affected by it and whether this can be a
feasible option for when toxicity data is scarce.

2. Methods
2.1. General overview

An ecotoxicity dataset previously used by Balraadjsing et al.
(Balraadjsing et al., 2024) was used and modified with the focus on
particle dissolution rather than toxicity. After modifying the data set,
data augmentation was applied to artificially increase the data set,
resulting in five different data sets with varying sizes. Subsequently,
QSPR models were created based on the five data sets and their per-
formance were evaluated. Additionally, the model performance was also
evaluated on “novel” materials, not included during the training of the
models. Finally, the uncertainty of the models (through the applicability
domain and prediction intervals) were assessed in detail and an variable
importance analysis was conducted. For the variable importance anal-
ysis, a modified permutation method was applied. All models were
created in accordance with the OECD principles for QSARs (OECD,
2004). Fig. 1 provides an overview of the methods applied here, which
are also described in more detail down below.

2.2. Data collection

For the collection of dissolution data, the ecotoxicity dataset
extracted by Balraadjsing et al. (Balraadjsing et al., 2024) was used as a
starting point and was subsequently modified by including or excluding
observations. Information regarding the dataset in Balraadjsing et al.
(Balraadjsing et al., 2024) (e.g. literature search, collected variables) can
be found in the supplementary materials of that paper. Briefly, the data
collected in Balraadjsing et al. (Balraadjsing et al., 2024) included fea-
tures regarding the physico-chemical parameters of MNPs, their expo-
sure conditions and toxic effects towards species. Additionally,
molecular descriptors were calculated using the Alvadesc calculator
(www.alvascience.com/alvadesc) through the OCHEM platform (www.
ochem.eu).

No O-initial concentration +
No interpolation
O-initial concentration +
No interpolation

Near zero
ariance nor

One hot
encoding filter

Correlation

O-initial concentration + KNN
4-hr interpolation Pooling imputation

O-initial concentration +
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Fig. 1. Schematic overview of data collection and modelling process.
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From the initial dataset, papers with no reported or measured
dissolution data were firstly excluded. Furthermore, only features
related to the physico-chemical parameters of MNPs and experimental
conditions were retained (features related to species and toxicity were
not deemed relevant here). Following this, dissolution data was
extracted from the remaining papers for different time points and initial
MNP concentrations. During this process, the original ecotoxicity data-
set was modified where necessary to match the conditions of the
dissolution experiments (e.g. due to different experimental conditions
used than the toxicity experiments). This means that the database was
expanded depending on the study, due to the particle dissolution being
measured at multiple time points during their experiments. The
extracted dissolution related features included exposure time (h), the
initial MNP concentration (ug/L), concentration of released ions (pg/L)
and the percentage of dissolution (defined as the ratio of released metal
ions concentration to the initial MNPs concentration (pg/L)). The latter
was chosen as the model’s outcome. Further information regarding the
collected variables can be found in Supplementary material S1.1.

Special attention was given to ensuring the quality and reliability of
the data, therefore data points with incomplete dissolution data or
inconsistent information (e.g. unclear how experiments were conducted
or ambiguous experimental conditions) were excluded. Data cleaning
and filling in of gaps were done as in Balraadjsing et al. (Balraadjsing
et al., 2024). Data for the top materials with the most observations were
initially selected for creating QSPRs and the remaining data for mate-
rials with very few observations were discarded from modelling but used
for extra external validation (the purpose of this dataset is explained
further below). The materials that were used for modelling included: Ag,
BaTiOs, CeO3, Cu, CuO, NiO, Se, SiOj, TiO2 and ZnO. While data on
Fe304, FeoO3, AlpO3, Ni, Co304 MNPs were also relatively abundant,
these materials were excluded from modelling due to poor performance
as also described in Balraadjsing et al. (Balraadjsing et al., 2024). These
materials were added to the extra external validation dataset.

2.3. Data augmentation

Data augmentation in ML is the process of artificially increasing the
size and diversity of a dataset by synthetically creating new instances to
build a larger dataset for model training (Maharana et al., 2022). The
goal here was to investigate whether model performance would improve
by artificially increasing the dataset. Data augmentation was done here
in two approaches: 1) duplicating the dataset and replacing the disso-
lution related parameters (the initial particle concentration and ion
release) with zeros (hereafter referred to as O-initial concentration), and
2) the use of linear interpolation at different time points.

Theoretically, at O-initial particle concentration there cannot be any
ion release (there can be no dissolution if there are no MNPs present in
the solution). This allowed us to duplicate the entire dataset and replace
the initial concentration and ion release with zeros.

Furthermore, when the extent of dissolution of two time points is
known then the ion release at any time point in between should be
within the range of those points. For example, if at 1 h the ion release is
10 % and at 3 h it is 20 %, then the ion release at 2 h should be between
in between 10 and 20 %. To achieve this, we applied linear interpolation
to generate synthetic data for papers where dissolution data was re-
ported at different time points. This was done for papers that had
dissolution data for three time points or more (for the same material and
conditions) to prevent the creation of highly unreliable data. Linear
interpolation was applied every 4 h, 12 h or 24 h to find out what effect
data augmentation had on the performance of the models. The amount
of synthetically created data increased with decreasing time points
chosen for interpolation (interpolation every 4 h has the most
augmented data, while interpolation every 24 h has the least).

In total five datasets were generated: original dataset (no interpo-
lation + no O-initial concentration), only O-initial concentration (no
interpolation), 4-h interpolation -+O-initial concentration, 12-h
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interpolation +0-initial concentration, and 24-h interpolation +0-initial
concentration.

2.4. Data pre-processing

An essential part of machine learning is the pre-processing of data to
make it more suitable for ML algorithms. Data was pre-processed as
described in Balraadjsing et al. (Balraadjsing et al., 2024). Briefly, this
included the implementation of a near-zero variance filter, excluding
some variables from the filter and handling categorical variables by
converting them to dummy variables using one-hot encoding. Infrequent
levels of categorical variables were pooled into an “other” category. The
data was normalized and a correlation filter was applied, removing
variables with a Pearson correlation coefficient above 0.9. Missing data
was filled in where possible according to Balraadjsing et al.
(Balraadjsing et al., 2024) and otherwise imputed using k-Nearest
Neighbors (kNN) imputation.

2.5. Machine learning-based Model Development

Following pre-processing, regression QSPR models were developed
based on a ML approach, with the outcome being the amount of ions
released (in %). While it can be beneficial to generate models based on
different ML algorithms, we created QSPRs based on only one algorithm
here, quantile regression forests (a variation of the random forest algo-
rithm). Due to the nature of the target variable, the outcome of it is
limited to a certain range (0 to 100 % ion release). An issue with various
ML algorithms is that they cannot be easily constrained to produce
predictions within such a range. However, random forests (and therefore
also quantile regression forests) fail at extrapolating beyond the ranges
of the training set (Takoutsing and Heuvelink, 2022), which can be seen
as a “feature not a bug” here. This “flaw” will automatically constrain
the outcome between 0 and 100 % and prevent the models from pro-
ducing predictions beyond that range. Furthermore, the quantile
regression forests algorithm was favored here over the random forest
algorithm for its ability to generate prediction intervals (Sun et al.,
2022).

The created dataset was randomly split into a training and test set
(70 % train and 30 % test) using stratified sampling. Stratified sampling
prevents certain materials from dominating the training or test set.
Following this, QSPR models were trained for each of the previously
mentioned five datasets. 10-fold cross-validation was used for internal
validation, to assess robustness, to perform hyperparameter optimiza-
tion, and to prevent overfitting (Arlot and Celisse, 2010).

The goodness-of-fit, robustness and predictivity of the developed
QSPR models were evaluated using various performance metrics. For the
regression models, the assessment included the concordance correlation
coefficient (CCC), Huber loss, mean absolute error (MAE), root mean
squared error (RMSE), and R2. The R? and CCC range from O to 1 where
higher scores indicate a better fit. In contrast, the Huber loss, MAE, and
RMSE are context-dependent metrics (based on the outcome, which in
this case is the ion release), with lower values indicating better perfor-
mance. Good and similar results from both internal- and external vali-
dation indicate that models are robust and not overfitted (Rendon et al.,
2011).

External validation was done on the test set and on the discarded
data (that included data for materials not used for modelling). Extra
external validation, using the discarded data, was conducted to gain
insight into how the models perform when applied to “novel” or “un-
seen” materials. All models were created in accordance with the OECD
principles for predictive models (European Commission Environment
Directorate General, 2014).

2.6. Model uncertainty (applicability domain and prediction intervals)

The applicability domain (AD) defines the ranges within which the



Y. Song et al.

QSPR model can provide reliable predictions (Bunmahotama et al.,
2022). The AD in this work was generated by using the k-nearest
neighbor approach on Euclidean distances (structural domain) of a
training dataset to define the space where accurate predictions can be
made with a specified level of 95 % and 99 % thresholds confidence as
described in Balraadjsing et al. (Balraadjsing et al., 2022). Observations
within the 95 % confidence interval are considered reliable. Data points
between the 95 % and 99 % confidence intervals should be treated with
caution. Data outside the 99 % confidence interval are considered un-
reliable extrapolations because they differ significantly from the training
data. To complement the applicability domain, prediction intervals were
also generated, offering more insight into prediction uncertainty. By
design, quantile regression forests inherently produce these prediction
intervals.

2.7. Variable importance analysis

To identify the key factors influencing the rate of ion release during
dissolution, we conducted a variable importance analysis based on a
permutation method. This involved permuting variables and ranking
them based on their impact on the model’s predictive performance. The
process works by taking the training data and shuffling one variable
while keeping the rest constant. The models are then re-run, and the
performance metrics are re-calculated and compared to the baseline
model performance. Increase or decrease of the model errors are
indicative of the variable being important. Variables with higher
importance scores were deemed more influential in determining the
dissolution behavior of MNPs.

However, a potential downside of using permutation variable
importance for assessing variable importance is the key assumption of
variable independence. Due to the fact that the method shuffles one
variable at a time while keeping everything else constant, it poses a
problem for features that are interconnected with each other (e.g. the
surface area increases as the particle size decreases). These relationships
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get lost, leading to over- or underestimated importance scores. To
circumvent this issue, we modified the method by nesting features
together (that are known to be related to each other) prior to permuting.
The nested variables were then shuffled together, preserving this
connection and the importance scores were then calculated as previ-
ously stated. Variables that were nested together included: crystal-
linity_anatase + crystallinity rutile, shape + primary_diameter + length
+ surface_area, salinity + water_hardness + conductivity.

3. Results
3.1. Dataset screening and composition

After selecting and screening 98 published papers from the initial
dataset by Balraadjsing et al. (Balraadjsing et al., 2024), a total of 1648
dissolution datapoints were obtained based on 21 different MNPs
including 17 metal oxide nanoparticles and 4 metallic nanoparticles
(Fig. 2). In the dataset, Ag MNPs made up most of the observations (47
%). Data on Ag, ZnO and CuO MNPs together, constituted more than 80
% of the whole dataset, while the other materials were investigated to a
lesser extent.

3.2. Model performance

Model performance was evaluated through internal- (training set)
and external (test set) validation based on different performance metrics
(Table 1). Results showed that the model without any data augmenta-
tion (no interpolation and no 0-initial concentration) had a reasonably
good fit (RZ = 0.749; CCC = 0.859) but relatively high errors compared
to the other models (RMSE = 9.55; MAE = 3.58). Introducing O-initial
concentration without interpolation resulted in a reduced fit R? =
0.690; CCC = 0.818) and slightly higher RMSE (9.74) but a significantly
lower MAE (2.63). Interpolating data with 24 h and O-initial concen-
tration reduced errors (RMSE = 7.33; MAE = 1.78) and improved the fit,

Discarded data . Model data

775

455

Observations
&

147
> a8
. - - - - - -
I

Cuo Cu BaTiO3 Fe304 Ni Ce02 AI203 (o304

Ag ZnO

14 13 13 12 1"
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Fig. 2. Amount of observations present in the dataset for each of the MNPs after data collection from the literature. Blue bars = data for the materials were used for
modelling, red bars = data that were excluded from modelling and used for extra external validation. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)
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Table 1
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Model performance metrics based on the whole dataset after external validation (on the test set) (Int. = interpolation, h = hours, Zeros = O-initial concentration, RMSE
= Root Mean Squared Error, MAE = Mean Absolute Error, R?=R squared, CCC = Concordance Correlation Coefficient).

Int. Zeros Train size Test size RMSE MAE R? CcC Huber loss
No No 1083 466 9.55 3.58 0.749 0.859 3.27

No Yes 1735 746 9.74 2.63 0.690 0.818 2.44

24h Yes 2217 951 7.33 1.78 0.777 0.880 1.62

12h Yes 3016 1295 7.47 1.76 0.781 0.883 1.62

4h Yes 6268 2687 4.67 0.841 0.903 0.949 0.730

(R2 =0.777; CCC = 0.880) relative to the model without any augmented
data. Continuing this trend, interpolation with 12 h and O-initial con-
centration maintained similar improvements with relatively similar er-
rors (RMSE = 7.47; MAE = 1.76) and an improved fit ®R? = 0.781; CCC
= 0.883) relative to the previous model. The most notable improvement
was seen with 4-h interpolation plus 0-initial concentration, (RMSE =
4.67; MAE = 0.841; R? = 0.903; CCC = 0.949), demonstrating superior
model performance relative to the model without any data augmenta-
tion and other models with less data augmentation applied. Based on the
performance metrics alone, this would indicate that when the amount of
data augmentation increases, model performance improves signifi-
cantly. Finally, comparison to internal validation results (Supplemen-
tary material S2.1) showed similar performance between models and
suggests no signs of model overfitting. When models overfit, they tend to
perform well on data they have seen before (training set) but poorly
when they see new data (test set). Therefore, by comparing internal- and
external validation results between each other, signs of over- or under-
fitting can be detected. With the results showing relatively similar per-
formance results between the training- and test sets, it can be concluded
that the models neither overfitted nor underfitted.

Furthermore, this pattern of improvement is also highlighted in the
actual versus predicted plots for the created model (Figs. 3a, 3b and
Supplementary material S3). Only the best performing model (Fig. 3b)
and model with no data augmentation (Fig. 3a) are shown here, the
remaining actual versus predicted plots for other models can be found in
Supplementary material S3. The results showed that while the majority
of the data points are centered around the diagonal line, these points
were largely made up of the augmented data (points labeled “zeros” and
“interpolate” in Fig. 3b and Supplementary material S3). Contrary to the
performance metrics (Table 1), visual inspection of Figs. 3a and 3b
indicated that synthetically adding more data may not necessarily
improve the model’s original fit or its ability to predict the original data
(non-augmented data), and that the improvement in model performance
may be misleading. This can also be seen when evaluating model per-
formance based on only the original (non-augmented) data (Supple-
mentary material S2.2). Here the augmented data was removed during
calculations to gain insight into how the augmented data influenced the
calculated performance metrics. When the augmented data was not part
of the performance evaluation, models performed relatively similar or
worse compared to the model with no augmented data. In other words,
the models did not necessarily get better at predicting the outcome when
data was augmented. Instead, the augmented data influenced the final
calculated performance metrics. Performance metrics calculated for
each material group are provided in Supplementary material
Tables S3.1a and S3.1b, but will not be discussed further in this paper
due to issues described in the supplementary materials. Fig. 3a: Actual
versus predicted plots for ion release of MNPs after evaluation on the test
set (model without data augmentation). X- axis represents actual ion
release percentage (%) from experimental data, Y- axis represents pre-
dicted ion release percentage (%) from model. Data points are color
coded “original” (original non-augmented data).

3.3. Model uncertainty (applicability Domain and prediction intervals)

To assess the limitations of the models created here, its domain of

applicability was investigated through a kNN approach. Results for only
the best performing model are mentioned here (remaining results can be
found in Supplementary material S4). The AD results in this study
revealed that a substantial proportion (2606 out of 2687) data points are
categorized as “reliable” (within the 95 % limit) (Supplementary ma-
terial Table S4.1). This indicated that the training dataset effectively
covered the feature space of the test set, thus enhancing the model’s
reliability for these predictions. However, 17 data points were classified
as “cautious” (between the 95 % and 99 % limits (near the borders of the
AD)) and 64 were “unreliable” (outside the 99 % limit (outside AD)).
This classification suggested potential areas where the model may
exhibit reduced predictive performance, highlighting the limitations in
the current training dataset and indicating regions that required addi-
tional data or model refinement.

When comparing the AD results in combination with the actual versus
predicted plots (Fig. 4), it was shown that datapoints labeled “cautious”
and “unreliable” did not necessarily have predictions with higher errors.
On the contrary, the majority of the points highlighted as “cautious” and
“unreliable” were all relatively close to the diagonal line. This high-
lighted how datapoints could be considered outside of the assessed AD
but still had fairly accurate predictions, and vice versa, datapoints inside
the AD could have predictions with large errors. Fig. 4 also showed how
datapoints related to BaTiO3, CeO», Se, SiO,, TiO2 MNPs and to a lesser
extent Cu were frequently considered to be around the borders of, or
outside of the AD.

By employing the quantile regression forests algorithm, we suc-
cessfully generated prediction intervals, which complements the results
of the applicability domain and helps gain more insight in to the un-
certainty of the predictions. Results for only the best performing model
(4-h interpolation +0-initial concentration) is presented here to illus-
trate the value of complementing the AD with prediction intervals. Fig. 5
shows the majority of the generated prediction intervals intersecting
with the diagonal line, indicating that the “true” values were within the
generated prediction intervals. Some data points displayed large pre-
diction intervals (Ag, ZnO and to a lesser extent Cu MNPs), indicating
high uncertainty and could be deemed less reliable predictions.

3.4. Variables importance

Permutation variable importance results for the best performing
regression model (4-h interpolation +0-initial concentration) generated
crucial insights into the factors driving the dissolution process. The
nested variable importance methodology, which group related variables
together during permutation, showed that the initial concentration of
MNPs played an important role in the dissolution process, consistently
ranking as the most influential variable (Fig. 6). Besides the initial
concentration, the following exposure conditions were generally influ-
ential: temperature, water hardness, salinity, conductivity, exposure
time and pH. The key physico-chemical properties included: surface
area, shape, primary diameter, length and coating. The surface area,
shape and primary diameter were grouped together in the nested results,
and they contributed equally to the dissolution process (Fig. 6).
Although most molecular descriptors displayed lower importance, three
descriptors were ranked reasonably high in both permutation analyses:
mean atomic Sanderson electronegativity (Me), mean atomic van der
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Fig. 3b. Actual versus predicted plots for ion release of MNPs after evaluation on the test set (model based on 4-h interpolation and O-initial concentration). X- axis
represents actual ion release percentage (%) from experimental data, Y- axis represents predicted ion release percentage (%) from model. Data points are color coded
“interpolate” (linear interpolated data), “original” (original non-augmented data) or “zeros” (0-initial concentration augmented data).

Waals volume (Mv) and sum of atomic Sanderson electronegativities
(Se). Due to the modifications applied to the variable importance
method here and permutation being applied prior to pre-processing, the
importance of all features was calculated. This included variables that
were supposed to be filtered but they automatically get zero importance
as a result of pre-processing being applied by the models later on in the
process.

For comparison, the variable importance based on its original
method (without nesting variables together) was also calculated (Sup-
plementary material S5). These results also showed several variables
related to the exposure conditions and physico-chemical properties
ranked relatively high in variable importance scores, whereas the ma-
jority of molecular descriptors scored low (Supplementary material S5).
However, the ranking of variables differed relative to the nested results,
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mainly relating to the variables that were nested together. While the
surface area, shape, length and primary diameter scored high when
nested together, they are relatively of lesser importance when evaluated
individually. This also applies to other variables such as water hardness
and salinity. Comparing the results of both methods indicates how the
importance of variables can be underestimated when they share re-
lationships with other variables (and are therefore not independent
variables). By nesting such dependent variables together, their impor-
tance is assessed together instead of evaluating their importance

individually (as independent variables). This helps in uncovering vari-
ables that may not be important on its own (as an independent variable)
but is important because it is connected to others.

3.5. Performance on novel materials

After assessment of model performance on the extra validation
dataset (data discarded for modelling), it was highlighted that the best
performing model (4 h interpolation +0-initial concentration) did not
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produce completely accurate results (Fig. 7). Furthermore, when also
calculating the applicability domain for the discarded dataset, this
resulted in the majority of the data points being considered unreliable
with the exception of datapoints for Pd and Ni MNPs, which were
labeled “caution”. Six data points were flagged as “reliable”. These re-
sults are in accordance with the results shown based on the test set
(Figs. 4 and 5) where the AD results do not always line up with the
accuracy of predictions.

4. Discussion

In this study, we developed QSPR models that predict the percentage
dissolution of MNPs at any time point and under different experimental
conditions as can be found in laboratory test settings. Moreover, the
performance and robustness of the created QSPR models were investi-
gated while also examining variable importance and the effect of data
augmentation. The created models showed overall good performance
despite the relatively small dataset used in terms of data volume. Model
performance increased with the amount of synthetically added data.
These QSPR models are of importance because they can aid in filling in
data gaps regarding particle dissolution and identifying the factors that
mediate MNP dissolution.

4.1. Model performance and effect of data augmentation

The regression QSPR models were generated based on a quantile

regression forest algorithm and all models displayed relatively high
predictivity and robustness that can be deemed good performing models
(R? > 0.6) (Klimenko et al., 2016; Roy et al., 2019). The benefit of using
quantile regression forests over other algorithms was due to its ability to
produce predictions within a specific range (0-100 % in this case) while
also having the ability to produce prediction intervals, as stated in the
materials and methods section. While other algorithms may potentially
perform better or have better fits, improbable predictions can be pro-
duced (< 0 % or > 100 %). It is possible that neural networks, using a
sigmoid activation function could potentially address the need for pre-
dictions within a bounded range (Na et al., 2022), but further experi-
mentation and tuning would be necessary to determine its effectiveness
in this context. Although sigmoid activation functions are typically
applied to classification neural networks, it may also work in this case
due to the nature of the outcome variable (percentage dissolution) here.
This is a topic for further study.

The robustness of a model should be evaluated through both inter-
nal- and external validation, both of which were presented as a series of
performance metrics in this paper (Table 1 and Supplementary material
S$2.1). Among the different degrees of augmentation applied, the 4-h
interpolation with O-initial concentration model emerged as the best
performing model. This approach demonstrated the lowest RMSE
compared to other models, indicating superior performance and accu-
racy. The results from Table 1 highlighted the impact data augmentation
can have on model performance. The most effective strategy involved
interpolation with smallest intervals (4 h) combined with adding O-



Y. Song et al.

Applicability domain
Fe304 Co304
00 -
50 ez’ _fe2”
'V:) /r’f ’//’
0 ,«” 4-"/
Sb203 Pd
kel —
[ -
-~ ™ .
5 - . .
= 5o
e //* »’/
n‘ 0 »° »
Fe203 Mn203
00 ”,
—-5 ”r’ ’,,
50 T — =
25 ," ,’,
0 25 50 75 00 O 25 5( 75

NanoImpact 37 (2025) 100547

Caution Reliable Unreliable
wo3 Mgo
- P -
/, /,
/” /1—’
/,” r,”
/’/ t”
/, ’/
Mn304 Al203
.- —T —T
1"3 r‘/
, -
t/’ t”‘
,/” ,/"
e -
//’ ’ﬂ
0 25 50 75 100
Ni
//’
t,,
/,”
%%
P

P ok ee . o

00 O 25 50 75 100
Actual

Fig. 7. Actual versus predicted plot of the best performing model (4-h interpolation +0-initial concentration) on extra validation dataset, divided per MNP. X- axis
represents actual ion release percentage (%) from experimental data, Y- axis represents predicted ion release percentage (%) from model. Data points are color coded

”

“caution”, “reliable” or

initial concentration, which consistently improved the predictive accu-
racy across all metrics (Mikolajczyk et al., 2015; Toropova et al., 2011).
This approach would suggest that the augmented data provided the
model with a denser and more informative dataset, allowing it to better
capture the dissolution process dynamics. In another study, data
augmentation was also applied to artificially increase their dataset and
overcome the limited available data for modelling (Furxhi et al., 2023).
Although different methods were applied, similar results were found
where performance improved significantly after data augmentation.

However, a deeper look at the model performance results after
different degrees of data augmentation provided more insight into the
effects of data augmentation. Interestingly, the model performance was
generally similar when being evaluated without the augmented data
(Supplementary material $2.2), suggesting that the augmented data did
not improve the algorithms’ predictive abilities or its ability to learn
from the original (non-augmented) training data. When looking at the
actual versus predicted plots (Fig. 3b and Supplementary material S3), it
can also be seen that the majority of the augmented data were centered
around the diagonal line while this was not the case for the non-
augmented data (labeled “original”). In other words, while syntheti-
cally increasing the dataset may improve performance when looking at
the model as a whole, it did not necessarily improve the model’s fit
towards the original non-augmented data. The algorithms seemed to
perform exceptionally well on the augmented data (perhaps overfitting)
and this may overestimate model performance to some extent. More
research is needed into the topic of data augmentation, the influence it
has on QSPR (or QSAR) model outcomes and how to properly assess its
effects on model performance.

4.2. Model Uncertainty (applicability domain and prediction intervals)

The majority of test data fell within the thresholds set by the calcu-
lated applicability domain (Fig. 4), thus most predictions made using the
test set can be considered reliable. Regarding model performance on
different groups, the applicability domain was highly similar across all

“unreliable” based on the results of the definition of the applicability domain (Reliable 6; Caution 26; Unreliable 157).

groups. Results highlighted how datapoints related to BaTiOs, CeOq, Se,
SiO,, TiO, and to a lesser extent Cu were frequently considered to be
around the borders of, or outside of the AD. This suggested that the
models may not be suitable for such materials. The idea of the appli-
cability domain is to assess the limits of the chemical space so that the
model is not used to extrapolate beyond it. Extrapolating beyond the
chemical space of the training data can increase the errors and uncer-
tainty of predictions (Basei et al., 2019; Sahigara et al., 2012). However,
results obtained here showed that the results of the applicability domain
did not line up well with the accuracy of predictions (e.g. a point being
outside the assessed chemical space can still have an accurate prediction
and vice versa). It is possible that the applicability domain used here
overestimates data points and the thresholds should be set more
conservatively for more reliability (e.g. a lower k value or instead of a
95-99 % limit, use an 80-85 % limit). The value for k and the thresholds
set by the kNN applicability domain methodology are done so arbitrarily
(Furxhi et al., 2020), with k usually being the square root of the amount
of observations and a 95th percentile threshold based on the calculated
distances. By setting the limits more conservatively, the applicability
domain will get smaller and while this is means that a model can be
applied to a limit amount of chemical/materials, it may have increased
reliability. For example, (Sahigara et al., 2013) suggested the use of a k
value of n'/3 (n being the amount of observations), which will lead to a
more conservative applicability domain than when the square root is
used. The topic of applicability domains of predictive models using MNP
datasets should be investigated further in addition to how their
thresholds affect its reliability.

A downside of the applicability domain is that it only gives insight
into whether a data point is within or outside of the assessed chemical
space (it is qualitative in nature). The applicability domain does not say
anything about the quantitative uncertainty of the predictions. To
address this, the use of prediction intervals can provide more insight into
prediction uncertainty. When complemented with the applicability
domain, prediction intervals can help gain more insight into the reli-
ability of predictive models. By quantifying the uncertainty associated
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with each prediction, researchers and practitioners can gauge the con-
fidence level of the model’s outputs. Results of the generated prediction
intervals (Fig. 5) showed the majority of the intervals intersecting with
the diagonal line (the “true” value), indicating that the calculated in-
tervals captured the true values within them. Relatively larger intervals
were seen for Ag and ZnO MNP data, indicating larger uncertainty. This
is in contrast with the applicability domain results where instead
BaTiOs, CeOq, Se, SiOs, TiO2 and to a lesser extent Cu were generally
considered to have larger uncertainty as previously stated. However, the
prediction interval results here (Fig. 5) line up better with the accuracy
of the predictions compared to the applicability domain: the data points
with the largest errors belonged to Ag and ZnO data. Furthermore, it
should be noted that prediction intervals do not always capture the
“true” value within its intervals and therefore are not a better method-
ology to assess the uncertainty of predictive models (Balraadjsing et al.,
2024). We recommend them to be used together with the applicability
domain to gain a better picture of whether predictions can be trusted or
not.

4.3. Variable importance analysis

Understanding how the properties and variables in the models
created here interact with each other is critical for identifying the
dissolution mechanisms of MNPs (Hedberg et al., 2019). Variable
importance was evaluated using permutation tests, which underscored
the significance of features pertaining to both aquatic conditions and
physico-chemical properties of MNPs (Figs. 6 and Supplementary ma-
terial S5). The comprehensive approach of this study, combining both
nested and unnested variable importance analyses, provides a holistic
understanding of the factors driving MNP dissolution.

The results demonstrate significant advancements in understanding
the dissolution dynamics of MNPs and underscore the critical factors
that influence this process. The identification of the initial concentration
of MNPs as the most influential variable aligns with findings from other
studies. For instance, research by (Avramescu et al., 2023) highlighted
that the initial concentration of silver nanoparticles significantly
affected their dissolution rate in aquatic environments: lowering the
initial concentration (10 mg L' versus 100 mg L) significantly
increased the relative solubility (% of total concentration) of nano-ZnO
and nano-MnOz in both water and Dulbecco’s Modified Eagle’s Medium
(DMEM), which corroborated our results that higher initial concentra-
tions lead to a less pronounced dissolution process. Furthermore, the
findings of our study on the importance of surface area, shape and pri-
mary diameter, which contributed equally to the dissolution and ranked
as second the most important factors are also consistent with previous
research (Zhao et al., 2017). It is generally accepted that a reduction in
nanoparticle size generally results in an increased dissolution rate due to
the increased surface area (Roduner, 2006). Meanwhile, a decreased
MNP size is associated with an increase of the surface area, which in turn
promotes dissolution by providing a greater number of surface sites that
can participate in the dissolution process (Borm et al., 2006). Similarly,
as reported in previous literature (Garnier et al., 2019), when control-
ling the shape of the nanoparticles, the MNPs with a well-defined surface
structure could be obtained. Therefore, these three factors are inter-
connected and may interact with each other. A nested approach could be
used as an appropriate method to help preserve the interactions among
them. Nesting variables together during a permutation variable impor-
tance analysis, can preserve variable interactions and give better insight
into crucial variables that mediate the dissolution process. When using
the traditional (unnested) permutation approach, the importance of
certain variables may be underestimated despite being interconnected
to other crucial variables.

Furthermore, comparing the nested and unnested results, the
unnested approach provided additional insights into specific factors
such as conductivity and temperature. Conductivity is related to the
ionic strength of the medium. Higher ionic strength can shield the
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electrostatic repulsion between charged nanoparticles, potentially
increasing aggregation and reducing surface area available for dissolu-
tion (Oh et al., 2012). Similarly, the role of temperature in enhancing
dissolution rates has been well-documented, as seen in the study of
Seyed et al. (Majedi et al., 2014), who demonstrated that higher tem-
peratures increased the dissolution of ZnO MNPs by reducing the surface
charge in aqueous solutions.

Regarding the variable importance results, it should be noted that the
unbalanced structure of the data set may have also affected the results.
In Zhou’s study (Zhou et al., 2022), TiO, MNPs and Ag MNPs, which
were both sensitive to the light conditions, comprised more than half of
the data. Consequently, the importance of illumination might be over-
estimated, indicating the need for a more balanced dataset to make the
results more representative. It is noticeable that particle coating is not
considered as very important in explaining the extent of dissolution
(Figs. 6 and Supplementary material S5), given that it is known that the
dissolution happens on the surface of the particles and that surface
chemistry significantly influences ion release (Liu and Hurt, 2010). The
reason can be attributed to the quality of the data set used here: details
about the coating were only categorized as “coated” or “uncoated” due
to the large amount of data and variation in coatings used, causing the
model to perhaps underestimate the importance of specific coating de-
tails. A better approach for dealing with the particle coating, such as
classifying the different coatings by their functions or calculating mo-
lecular descriptors associated with them, can help aid in uncovering
their importance in better detail. This should be investigated further.

4.4. Model performance on novel materials

Although numerous QSPR models are developed with outstanding
performance metrics that meet the criteria for a good predictive model,
they frequently face criticism for their lack of practical accuracy when
applied to novel materials (Balraadjsing et al., 2024; Basei et al., 2019;
Yu et al., 2023). Therefore, we also investigated model performance
towards “novel” materials not included in the training set (discarded
dataset). Through applying models on these MNPs (Fe304, Co304, WOs3,
MgO, Sb203, Pd, Ml’l304, A1203, Fe203, MgO Mn203 and Ni), it was
revealed that models performed poorly (Fig. 7), regardless of whether
observations were within or outside of the applicability domain. The
model generally underestimated the ion release of most data points. It
could be argued that the “rare” nanoparticles in the discarded data
should be regarded as dissimilar to those in the training- and test sets
and this can also be seen to some extent in Fig. 7. However, it can also be
seen that the outcome of the AD did not line up well with the accuracy of
the predictions. For Ni data points, they were all considered “reliable”
but the accuracy of the predictions were rather poor. On the other hand,
Aly03, FeoO3 and Fe3O4 were considered “unreliable” extrapolations
according to the AD, but the model produced rather accurate results.
These type of predictions have also been identified in (Balraadjsing
et al., 2024) and underscores the importance of evaluating models’s
outcome carefully beyond the training- and test sets as also argued in
said paper. This is important as QSPR and QSAR models are created with
the intention of being applied towards “novel” chemicals or materials
but they are rarely evaluated beyond their traditional training- and test
sets (which usually have similar substances between the both of them). It
should be noted that the scarcity of data makes it challenging to perform
such an evaluation. As shown here, the created QSPR model can perform
poorly, underestimating the ion release of materials not included in the
training set, regardless of whether the applicability domain considers
them within the chemical space of the model or not. Therefore, we
recommend the models to not be used beyond the materials included in
the training set, even if the AD considers them to be within the assessed
chemical space.
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4.5. Future work and perspectives

The predictive dissolution models presented here, integrated particle
and medium characteristics to enhance its applicability across diverse
scenarios. The data upon which the models were built came from lab-
oratory experiments, published in literature. Most of the available
experimental data in literature have been executed at relatively high
initial particle concentrations, which has also been previously reported
for ecotoxicity experiments (Holden et al., 2016). This results into the
fact that the percentage ions released is controlled by the initial con-
centration of nanomaterials in the system as also shown by the QSPR
model variable importance results. This is obvious, as high nanomaterial
concentrations can exceed the equilibrium dissolution levels of specific
nanomaterials, but this may not be environmentally relevant, as existing
studies have shown that environmental concentrations of nanomaterials
are quite low (Keller and Lazareva, 2014; Lead et al., 2018). At such
lower concentrations, kinetic dissolution may be more relevant rather
than percentage released ions. However, it should be noted that the
research on dissolution kinetics is in its infancy and such parameters are
rarely reported in current MNP dissolution literature, making it difficult
to implement into QSPR models.

When MNPs are released into the aquatic environment, they undergo
various transformation processes and are exposed to other elements.
This means that the dissolution process is driven by multiple different
factors simultaneously, some of which were not considered in this study.
For instance, the dissolution on the surface of certain types of MNPs such
as Ag particles, can easily change due to sulfidation or redox trans-
formations (Kang and Park, 2021; Lead et al., 2018). However, the use of
such information within QSPRs is severely limited as they are frequently
not reported or easily comparable between studies.

The models developed here also help gain insight into the dissolution
process and into QSPR model building. Additionally, the QSPR models
can also aid in filling in data gaps. QSPR models for nanomaterials rarely
focus on dissolution as the outcome despite being considered one of the
more crucial transformation processes a nanomaterial undergoes due to
its role in nanotoxicity towards species. The creation of such predictive
dissolution models can be challenging due to the lack of available data.
Experimental dissolution data can be very scarce, inconsistent and
incomplete. This is primarily due to the lack of standardized method-
ologies and poor reporting. This resulted in the developed model being
built on a large amount of missing data which had to be filled in by hand
or through imputation. This obviously has consequences for the in silico
models and thus we iteratively plea for better data reporting practices.

Although the models created here displayed good performance, our
results also highlighted pitfalls when assessing QSPR models. Namely,
applicability domain results may not always give a clear indication
regarding the reliability of predictions. Future work could focus on the
ins and outs of applicability domains and how they are influenced by the
data and how different input parameters affect their outcomes as pre-
viously stated in the discussion. The kNN applicability domain is
frequently used in QSPR or QSAR modelling, usually with standard
albeit arbitrary methods to calculate input parameters. We speculate
that it is possible that for smaller and noisy datasets (such as the one
used here), a more conservative approach to the input parameters might
yield better results. This would result in a smaller applicability domain
and more “extreme” thresholds but perhaps increase the reliability of
results. However, this must be investigated in depth.

With the scarcity of available data for modelling purposes, data
augmentation can be an attractive option to help artificially increase
datasets for machine learning purposes. However, this is relatively new
and thus poorly explored with regards to QSPR and QSAR modelling. As
shown and argued throughout this paper, data augmentation should be
used with caution and its effect on models must be rigorously assessed.
Other methods of data augmentation should be explored in future
studies and how they can be safely applied for QSAR/QSPR modelling.
More research is needed into the topic of data augmentation, the
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influence it has on QSPR (or QSAR) model outcomes and how to prop-
erly assess its effects on model performance.

5. Conclusion

By constructing a comprehensive dissolution database from pub-
lished literature and employing ML techniques, we developed QSPR
models capable of predicting the ion release of MNPs. A ML based-QSPR
approach might find practical applications in designing new and safer
nanoparticles (safe-by-design). Our findings emphasized the critical role
that the initial particle concentration, size related MNP properties and
the experimental conditions play in the dissolution process. Further-
more, we also highlight the need for caution and proper model evalu-
ation when applying data augmentation. While data augmentation can
help overcome the small nanomaterial datasets, it is crucial that its ef-
fects are assessed in depth, otherwise misleading conclusions could be
garnered and model performance may be overestimated. Furthermore,
the benefits of generating prediction intervals were also highlighted for
a better understanding of prediction uncertainty and to complement the
applicability domain. Prediction intervals are quantitative and thus give
more insight into the uncertainty of predictions relative to the (quali-
tative) applicability domain. Applicability domains may also not always
provide reliable results into whether predictions can be trusted or not
and complementing it with the prediction intervals can aid here.

These models add to the body of growing QSAR/QSPR modelling
literature for nanomaterials and provide insight into how such models
can be built, how to assess them in depth and aid in filling data gaps. The
results and QSPR models presented here can serve to support researchers
in designing dissolution experiments by allowing for pre-screening of
concentration ranges prior to conducting experiments. Likewise, the
models also facilitate the setting of optimal time points for dissolution
quantification, streamlining research efforts and thereby saving valu-
able time and resources. Ultimately, the approach presented in this
study has the potential to generate full dissolution curves by producing
ion release predictions at different time points and estimating the time
needed to achieve a steady-state concentration. Finally, we plea for
better data reporting practices when experiments are conducted and
published, so that data could be reused more easily for modelling pur-
poses and prevent unnecessary gaps within data sets.
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