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Abstract: Nowadays, there is extensive production and use of plastic materials for different indus-
trial activities. These plastics, either from their primary production sources or through degradation
processes of the plastics themselves, can contaminate the ecosystem with micro and nanoplastics.
Once in the aquatic environment, these microplastics can be the basis for the adsorption of chemical
pollutants, favoring that these chemical pollutants disperse more quickly in the environment and
can affect living beings. Due to the lack of information on adsorption, three machine learning mod-
els (random forest, support vector machine, and artificial neural network) to predict different mi-
croplastic/water partition coefficients (log Ki) were developed using two different approximations
(based on the number of input variables). The best-selected machine learning models present, in
general, correlation coefficients upper than 0.92 in the query phase, which indicate that these types
of models could be used for rapid estimation of the absorption of organic contaminants on micro-
plastics.

Keywords: microplastics; adsorption capacity; machine learning; random forest; support vector ma-
chine; artificial neural network; prediction

1. Introduction

Since the appearance of plastics, their production has grown exponentially in the last
decades, and;due to their versatility, they are used in different fields, such as packaging,
building, or electronic industries, among others [1]. Plastics, which by fragmentation be-
come microplastics (MPs) and these become nanoplastics (NPs), which make the presence
of micro- and nano-plastics (MNPs) in the water sources, or in the agroecosystems, of our
planet a worldwide concern [2-5]. In this sense, and as reported by Matthews et al. (2021),
microplastics are plastic fragments less than 5 mm and nanoplastics, the most common
size accepted, is inside the range of 1 nm and 1000 nm [6].

The cycle from the production of plastics to their entry into the environment includes
different stages, as reported by Woods et al. (2021) [7]: production for textile manufactur-
ing and use, tires use or packaging production, among others [8]. Besides, there are dif-
ferent sources of pollution by MPs; due to this, they can be differentiated between primary
and secondary sources [9]. The primary MPs are commonly generated during the manu-
facturing of different products, or during the fabrication of microbeads or microfibers; the
secondary ones are formed from larger plastic litters due to degradation processes by ex-
ternal factors (chemical, physical or biological) [9].

Once released into the aquatic environment, it has been reported that microplastics,
can play the role of vectors for persistent organic pollutants (POPs) [10,11]. Chemical con-
taminants can capture on the surface of microplastics and nanoplastics due to their surface
charge, among other characteristics [12].
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Currently, micro- and nano-plastics can be found in terrestrial and aquatic environ-
ments, being able to affect a large number of organisms [6] and can be considered, as re-
ported by Hu et al. (2022) and Katsumiti et al. (2021) [13,14], Trojan horse.

The adsorption capacity between microplastics and water can be expressed as an
equilibrium partitioning coefficient (Kd) [15]. According to Li et al. (2020) [15], due to ab-
sorption data are currently scarce, it would be very useful to have a tool that would be
able to accurately predict the values of Kd in different conditions. In this sense, the use of
Quantitative structure—property relationship (QSPR) supported by machine learning
models could be an interesting combination.

Machine learning (ML) is one of the subsets that include artificial intelligence (AI)
and consists of the attempt to train machines that are capable of imitating the ability of
the human being to learn based on knowledge and experience [16]. Most existing ma-
chine-learning methods encompass supervised and unsupervised learning [17]. In the su-
pervised learning method, each training case has input and output labels, and the machine
attempts to predict the outputs using the provided inputs [17]. The three supervised learn-
ing models used in this research will be briefly presented below.

1.1. Random forest

The first of the selected ML models is a random forest (RF) model, which is composed
of decision trees that can be used for regression and regression purposes [18]. These deci-
sion trees can be considered as one of the main methods for solving real problems [19].
Random forests are an ensemble machine learning method that has been proposed by
Breiman (2001) [20], which can get over the instability and overfitting problems when only
a single decision tree is used [21]. When working on regression and classification mode,
the random forest generates more than one decision tree using bootstrap samples of the
original training data to develop and train each decision tree [22]. Therefore, the random
forest involves developing different decision trees using random subsets of the original
training data [21].

Each decision tree starts in a called root node, and each node is divided into two new
subnodes; each of these divisions is carried out to minimize the mean square error [23].
The predictions of each tree are used for the final prediction; that is, when working in
regression mode (quantitative data), these are averaged, and when working in classifica-
tion mode (qualitative data) a voting process is carried out [18,19,24]. RF is considered a
robust method that can provide good results compared to different regression algorithms
[25].

Random forest models can be used in different research fields, such as:

e  cloud computing to develop DDoS-attack-detection method [18],
e  chemistry to determine molecular electronic transitions [23], or in

e farming to predict regional and local-scale wheat yield [26], among others.

1.2. Support vector machine

The second of the ML models developed in this research is the support vector ma-
chine (SVM). According to Geppert et al. (2010) [27], this method became popular during
the 90s of the last century based on the work carried out by Cortes & Vapnik (1995) [28]
and, as reported by Rodriguez-Pérez et al. (2017) [29] have become more and more popu-
lar. A support vector machine is based on statistical learning theory [30] and can be used
for regression and classification purposes [30,31]. According to [31], the support vector
machine can work with linear and nonlinear problems.

Working in classification mode, the support vector machine's main objective is to find
a hyperplane in an N-dimensional space that classifies the data points [32]. As Sareminia
(2022) reports [32], for two classes, different hyperplanes could be chosen, but the support
vector machine aim is to locate the plane that has the largest margin, that is, the maximum
gap between the data points of both classes. Whether the problem is linear or nonlinear,


https://doi.org/10.20944/preprints202302.0300.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 February 2023 d0i:10.20944/preprints202302.0300.v1

the support vector machine separates the data into two classes by mapping the infor-
mation into spaces with dimensions greater than two [33]. On the other hand, as
Rodriguez-Pérez et al. (2017) report [29], SVM can be used in the regression model (sup-
port vector regression, SVR) to predict numerical property values [34,35]. In this kind of
SVM model, alternatively, to determine a hyperplane for class label prediction, a different
function is derived according to the training data for predicting numerical values [29].

Support vector machines can be applied in different fields, such as:

e  Chemistry to identify polar liquids [36],
e  energy storage to self-discharge prediction in batteries of lithium-ion [37], or in
e medicine to diagnose breast cancer [38], inter alia.

1.3. Artificial neural networks

The last ML models carried out in this research were models based on artificial neural
networks (ANN). An artificial neural network is a well-documented/known artificial in-
telligence model [39] that can be defined as a mathematical model which is inspired in the
behavior of biological neurons [19,39].

As reported by Paturi et al. (2022) [40], McCulloch & Pitts (1943) [41] were the first
that can explain the logical relationship that exists between neural events of the nervous
system. This imitation of biological neurons' behavior can be learned through a process of
backpropagation [42].

ANN is a powerful tool to find relationships between data, in this case, input and
output data [39], and can be used to solve complex problems in optimization, clustering,
or prediction, among others [43]. ANN is formed by units (neurons) that are organized
into different layers Khan et al. (2019). A neuron carries out two functions: collect the in-
puts and produce an output [43].

An ANN architecture is usually made up of three elements, a first layer (called the
input layer), a second layer (known as the hidden layer), and a final layer (called the out-
put layer) [44]. One of the existing neural network types, the multi-layer perceptron net-
work (MLP), has one or more hidden layers [40,44], and, in principle, and according to
Saikia et al. (2020) [45], it is possible to approximate any continuous function with only
one hidden layer [46]. According to [45], an artificial neural network is a popular ML pro-
cedure due to its capacity to complex nonlinear function modelling. The number of neu-
rons in the intermediate layer can be determined by trial and error procedure [44,47].

To find the relationship between the input and the output data it is necessary to sub-
ject the artificial neural network to a training process using the database containing both
input and output data [39]. Following Niazkar & Niazkar (2020) [39], the first layer pre-
sents neurons associated with the input vector, hidden layer connects the input neurons
and the output neuron/neurons and turns the input data into the corresponding output
data. Finally, the output layer presents the neuron/neurons associated with the output
vector.

In each processing neuron, the input is multiplied by the importance of the connec-
tion, also called weight, and the result and bias are added to be treated by the activation
function and provide an output in the neuron [43]. There are different activation functions,
such as sigmoid or Gaussian, among others [44].

Finally, artificial neural networks can be used in the following ways:

e  Engineering to predict the building construction time and cost [48],

e  water management to model and predict the amount of salt removed by the capaci-
tive deionization method [49], or in

e  biotechnology to optimize the parameters in Ganoderma lucidum residue aerobic com-
posting process [50].

Therefore, this research aimed to develop machine learning models (RF, SVM, and
ANN) to predict the adsorption capacity for MPs ((polyethylene -PE-, polypropylene -PP-
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, polystyrene -PS-) in different waters using different configurations of input variables (n-
octanol/water distribution coefficient at special pH condition -log D-, molecular mass -
M'w- and six quantum chemical descriptors) obtained from the literature [15]. These com-
putational models will allow a quick adsorption capacity prediction of organic pollutants
onto these three types of microplastics in water environments.

2. Materials and Methods
2.1. Experimental data used

The data used for the developing of the different machine learning models were ex-
tracted from the work developed by Li et al. (2020) [15]. Li et al. (2020) [15] also used
different articles reported in the literature to obtain data. These articles can be consulted
in Table 2 of the research paper of Li et al. (2020).

Li et al. (2020) provide in their study and the accompanying supplementary material:
i) the n-octanol/water distribution coefficient at special pH condition (log D), ii) the mo-
lecular mass (M 'v) and iii) six different quantum chemical descriptors, that allow the mod-
elling the microplastic/water partition coefficients (log Ki) for diverse organics between
and polyethylene/seawater-freshwater-pure water, polystyrene/seawater and polypro-
pylene/seawater [15]. The quantum chemical descriptors calculated by Li et al. (2020)
were: i) molecular volume (V'), ii) the most negative atomic charge (q-), iii) the most pos-
itive atomic charge on H atom (qH*), iv) the ratio of average molecular polarizability and
molecular volume (7t) and the covalent, v) basicity (ep) and vi) acidity (e«).

In the present research work, two approximations have been carried out. The first is
using the same variables that the researchers used to develop their models [15]. On the
other hand, due to the authors' data of 8 different input variables, models that included
the maximum number of input variables were developed to improve the models devel-
oped with the variables selected by the authors. Table 1 shows the variables selected for
each selected model.

Table 1. Input variables, marked in purple, are used according to input variable selection to predict
log Ka. Type 1 and type 1* are the configurations used by Li et al. (2020) [15], and Type 2 is the
configuration used in this research. Polyethylene -PE-, polypropylene -PP-, polystyrene -PS-, and
the eight variables reported used by Li et al. (2020) [15]: i) n-octanol/water distribution coefficient at
special pH condition -log D-, ii) molecular mass -M "w-, covalent, iii) acidity -eo- and iv) basicity -&p-,
v) most positive atomic charge on H atom -gH*-, vi) most negative atomic charge -4, vii) molecular
volume -V’- and viii) molecular volume -7-.

Model Input variables Model Input variables
Q & + ) R _Q 8 u . N
Py § 0§ T s > @ Py 4§ A & > ®
~ ~
PE/seawater PP/seawater
Type 1l Type 1l
Type 2 Type 2
PE/freshwater PS/seawater

Type 1l Type 1l
Type 2 Type 2

PE/pure water

The database was divided into three data sets. In this sense, the cases used by Li et
al. (2020) to develop the models have been used to generate two groups, a training group;
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to develop de different ML models and another group, the validation group, to select the
best model (according to the RMSE value in the validation phase). The query group (the
same cases used by Li et al. (2020) as test cases) has been used to check the adjustments
provided by the different ML models.

2.2. Models implemented
2.2.1. Random forest models

Random forest models have been successfully used in fields related to this research,
for example, to identify and monitor different microplastics in environmental samples
[51]. Hufnagl et al. (2019) [51] developed a methodology to discriminate five different
polymers (polyethylene, poly(methyl methacrylate), polypropylene, polystyrene, and
polyacrylonitrile) and determine their abundance and size distribution. Later, some of the
previous authors extended the previous research to develop a model capable of differen-
tiating more than 20 types of polymers [52].

In this research, the RF models (Figure 1-A) were carried out using different param-
eter combinations. The following parameters were studied: the number of trees (1 to 100
using 99 steps in linear scale), maximum depth (1 to 100 using 99 steps in linear scale-)
and prepruning (false or true). All models were developed using the least square criterion.

B
C
OSupport vector
,/' © Point inside the &-tube
© Point outside the e-tube
& Slack variable
y

1| Output |
Gt layer |

Figure 1. Schemes of the different ML models developed in this research, A- RF model -inspired
in the figure of Zou et al. (2021) [53], B- SVM model - inspired in the figure of Sarraf Shirazi &
Frigaard (2021) [54] and C- ANN model - inspired in the figure of Moldes et al. (2016) [55].
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2.2.2. Support vector machine models

Support vector machine models have also been used successfully in related fields.
An example of this is the research carried out by Yan et al. (2022) [56]; the aim was to
develop an ensemble machine learning method capable to classify and identify MPs by
ATR-FTIR (attenuated total reflection Fourier transform infrared spectroscopy) data. On
the other hand, Bifano et al. (2022) [57] developed a method based on a support vector
machine to detect polypropylene and polyolefin in water using electrical impedance spec-
troscopy.

In the research presented in this article, the SVM models (Figure 1-B) were carried
out using the LibSVM learner developed by [58,59]. The following parameters combina-
tion were studied: the SVM type (e-SVR or v-SVR), v was studied between = 220 and 28
using 28 steps in linear or logarithmic scale, and C between = 210 and 2% using 30 steps in
linear and logarithmic scale (SVM and SVMiog). These values were an extension of the
proposed values of Hsu et al. (2016) [60]

In addition to using the database in their real-scale, they were also normalized in the
interval [-1,1] (first just normalizing the input variables -SVMn and SVMnog- and then nor-
malizing the input and the output variables -SVMn2 and SVMnr2 10g-). The normalization
was applied to the training input data and later it was applied to the other phases. After
the model selection, the output data were de-normalized to allow real-scale comparison
between all developed models

2.2.3. Artificial neural network models

Artificial neural network models have been used to categorize microplastic contam-
ination in the soil using infrared spectroscopy [61]. On the other hand, ANN has also been
used successfully to determine the sorption capacity of heavy metal ions onto microplas-
tics [62]. In this sense, Guo & Wang (2021) developed an ANN model using data from the
literature; and were able to predict the sorption capacity of different heavy metal ions onto
microplastics in global environments with correlation coefficients greater than 0.93.

In the research presented in this article, the ANNSs (Figure 1-C) have been developed
with one single hidden layer. The hidden neurons have been studied in a range between
1 and 2n+1, where n is the input neurons number. The training cycles were studied be-
tween 1 and 131072 using 17 steps in linear or logarithmic scale (ANNin and ANNIog). In
addition, decay was studied in mode, true or false. The neural net operator to develop the
ANN models scaled the values between -1 and 1 [63].

2.2.4. Statistics used to analyze the models

Different statistical parameters have been used to evaluate the ML models imple-
mented in this research. In this sense, were calculated (for training, validation, and query
phase) the correlation coefficient (r), the root mean square error (RMSE), and the mean
absolute percentage error (MAPE, expressed in %).

The best model for each ML approach was chosen considering the root mean square
error for the validation phase. Once each best ML models were chosen, they were com-
pared using the query data.

2.2.5. Equipment and software used for the development of the models

The ML models developed were implemented in two computers; the first, an Intel®
Core™ i9-10900 at 2.80 GHz with 64GB RAM and Windows 10 Pro 21H1, and the second
an AMD Ryzen 7 3700X 8-Core at 3.60 GHz with 32 GB RAM and Windows 11 Pro 21H2.

The data used in this research were collected from Li et al. (2020) [15] using Microsoft
Excel 2016 from Microsoft Office Professional Plus 2016. The ML models (RF, SVM and
ANN) were developed using an Educational and a free version of RapidMiner Studio
9.10.001 and 9.10.011 software. Figures were drawn with Microsoft PowerPoint 2016 from
Microsoft Office Professional Plus 2016 and SigmaPlot v. 13.0 from Systat Software, Inc.
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3. Results and Discussion

The following sections analyze the results obtained by the different machine learning
methods for each of the analyzed assumptions.

3.1. ML models using input variables Type 1

Table 2 shows the adjustments obtained for the selected machine learning models to
predict log Ks, developed with the same variable combination used by Li et al. (2020) [15].

Table 2. Adjustments for the different machine learning models developed using the input variables
selection Type 1. Random forest (RF), support vector machine (SVM), and artificial neural network
(ANN). T, V, and Q are training, validation, and query phases, respectively. Root mean square error
(RMSE), mean absolute percentage error (MAPE), and correlation coefficient (r). The best models
(regarding RMSE for the validation phase) are in bold.

T \" 4
2 = =2 = =2 [£a] =a}
3 0 [ 0 [ 7 [
S = g ) > S : S < =
= ~ = ~ = ~ =
PE/seawater
RF 0.525 18.67 0.983 0.380 7.48 0.988 0.523 13.38 0.979
SVM 0.287 2.83 0.993 0.248 4.61 0.993 0.357 13.24 0.990
ANN 0.257 3.13 0.994 0.236 442 0.994 0.561 23.33 0.979
PE/freshwater
RF 0.549 8.08 0.973 0.744 13.67 0.944 0.565 7.23 0.963
SVM 0.536 8.93 0.976 0.770 11.14 0.945 0.475 10.46 0.978
ANN 0.489 6.79 0.978 0.865 13.20 0.932 0.464 8.59 0.974
PE/pure water - 1
RF 0.471 11.28 0.968 0.176 3.31 0.992 0.531 9.48 0.929
SVM 0.356 5.93 0.974 0.132 2.06 0.993 0.411 6.90 0.958
ANN 0.309 492 0.981 0.225 3.92 0.982 0.729 12.21 0.937
PE/pure water - 2
RF 0.410 7.79 0.967 0.132 2.25 0.993 0.526 8.59 0.936
SVM 0.466 9.51 0.955 0.205 347 0.983 0.439 8.10 0.953
ANN 0.409 6.45 0.965 0.231 4.23 0.981 0.431 7.72 0.955
PP/seawater
RF 0.255 9.95 0.990 0.199 6.69 0.994 0.298 4,97 0.968
SVM 0.260 5.12 0.989 0.244 6.92 0.988 0.779 7.32 0.817
ANN 0.160 3.19 0.996 0.270 8.94 0.988 0.307 4.21 0.956
PS/seawater
RF 0.221 5.28 0.996 0.794 14.61 0.883 1.003 15.11 0.820
SVM 0.554 23.10 0.969 0.524 21.69 0.965 0.436 12.85 0.988
ANN 0.337 9.21 0.988 0.643 15.69 0.972 0.773 15.07 0.956

The first models (PE/seawater) correspond with ML models to predict the adsorption
capacity for polyethylene in seawater. In this case, the three best selected models (each
according to their RMSE value for the validation phase) can be seen. The model with the
best adjustments is the artificial neural network (ANNiog) model (0.236), followed by the
support vector machine (SVMn2 1o5) model (0.248), and finally, the random forest model
(0.380). As can be seen, the three models present very high correlation coefficients for the
validation phase, equal to or greater than 0.988; in addition, the mean absolute percentage
error remains low, between 4.42% and 7.48%.
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The good adjustments shown in the validation phase can also be observed in the
training phase, where the values of RMSE remain similar to those of the validation phase,
except for the random forest model, where the RMSE value grows to 0.525 (MAPE of
18.67%. It can be seen how, for the query phase, the model that provided the best result in
the validation and training phases, the ANN model, presents the worst results in terms of
RMSE and MAPE (0.561 and 23.33%, respectively) despite that maintaining a high coeffi-
cient of correlation (0.979). The other two models, the support vector machine and the
random forest model, present slightly higher errors, in terms of RMSE, than those pre-
sented in the validation phase (0.357 and 0.523, respectively).

Given these results (Table 2), it can be said that the three models show a good per-
formance, although, for the query phase, the errors increase slightly. Despite this, the er-
rors, in terms of RMSE, remain below the test error reported by Li et al. (2020) (0.752) for
the model developed with these three input variables (log D, e« and &5).

The second group of models (PE/freshwater) corresponds to machine learning mod-
els that predict the adsorption capacity for polyethylene in freshwater. In this case, it can
be seen, for the validation phase, that the errors made in terms of RMSE are closer to each
other, compared to the model’s behavior in the previous block. In this case, it can be seen
that the worst model corresponds to the artificial neural network (ANNIin) model that pre-
sents an RMSE of 0.865, followed by the support vector machine (5VMn1og) model with a
value of 0.770, with the best model being the random forest, which has a root mean square
error of 0.744. In this case, it can be seen that the mean absolute percentage errors exceed
those obtained by the ML models of the first block, varying between 11.14% and 13.67%.

For the training phase, it can be seen that the validation phase adjustments are im-
proved in a significant way, presenting RMSE values between 0.489 and 0.549. For the
query phase, it can be seen that the root mean square error remain at acceptable levels,
corresponding to mean absolute percentage errors between 7.23% y 10.46%. The best
model for the validation phase (RF with RMSE of 0.744) presents the worst results for the
query phase (RMSE of 0.565) and vice versa; the best model of the query phase (ANN with
RMSE of 0.464) is the worst model in the validation phase (RMSE of 0.865).

Despite these behaviors, the three selected models have suitable adjustments for all
phases (Table 2). If these models are compared with the model developed by Li et al.
(2020), it can be seen that all of them improve the adjustments in terms of the RMSE value
in the test phase (0.661 vs. 0.464, 0.475, and 0.565) for the model developed with this input
variable (log D).

The following two groups (PE/pure water - 1 and PE/pure water - 2) correspond to
the machine learning models developed to determine the adsorption capacity for polyeth-
ylene in pure water. In this case, two blocks have been developed because Li et al. (2020)
present two different approaches, one using two input variables (PE/pure water - 1 with
log D and M'v) and the other one using only one input variable (PE/pure water — 2 with
log D).

In our research, for the model development with two input variables (PE/pure water
- 1), the case of 17a-ethinyl estradiol was not considered because the authors did not re-
port the experimental log Ki value, so this model lacks this case. As expected, the models
offer different results depending on the input variables. When two input variables are
used, the model that presents the best results for the validation phase is the support vector
machine (SVMn1og) model, while when only one input variable is used, the best model is
the random forest. It can be seen that the use of two input variables improves the adjust-
ments in the training and validation phases (except for the RF model). For the query phase,
the adjustments remain practically unchanged, except for the case of the ANN (ANNiin)
model where the error, in terms of RMSE, drops from 0.729 to 0.431. As can be seen, the
models developed with two input variables present low mean absolute percentage errors
between 2.06% and 3.92% for the validation phase. This behavior worsens slightly for the
training phase, passing to 4.92% and 5.93% for the ANN and SVM models, respectively,
and 11.28% for the RF model. On the other hand, in the query phase, the MAPE values are
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between 6.90% and 12.21%. Despite the increase in both the RMSE and the MAPE values,
these models developed with two variables seem to behave adequately to predict log Ka.

The models developed to predict the adsorption capacity for polyethylene in pure
water (PE/pure water - 2) present, in general, slightly lower adjustments than those ob-
tained by PE/pure water - 1). In this case, the best model, considering the value of the root
mean square error in the validation phase, is the random forest model, which presents an
RMSE of 0.132. This model presents, in the query phase, an increase in its RMSE value
(0.526). The other two models, the SVM (SVMn21og) model and the ANN (ANNiin) model
present an RMSE value of 0.439 and 0.431 for this phase, slightly improving the results of
the RF model for this phase.

According to these results (Table 2), it can be said that the SVM and ANN models for
PE/pure water - 2 show good performance in terms of RMSE, and improve the adjustment
of RMSE value for the test phase (0.471) provided by the model developed by Li et al.
(2020) using only one input variable (log D).

Before continuing, it is necessary to emphasize that all the machine learning models
developed to predict the adsorption capacity for PE in the different water samples present,
in terms of mean absolute percentage error for the query phase, adequate values, gener-
ally, below 10%. In other cases, the value is slightly higher (SVM for PE/freshwater and
ANN for PE/pure water - 1), and in others, the difference is more significant, for example
for the models intended to predict log Kz in seawater, which present errors between 13.24%
and 23.33%.

The following models (PP/seawater) correspond to the models developed to predict
the adsorption capacity of polypropylene in seawater. Based on the results provided in
the validation phase, it can be said that the best model corresponds to the random forest
model (0.199), followed by the SVM (SVMiog) model with an RMSE of 0.244 and, finally,
the artificial neural network (ANNiin) model (0.270). The other statistics parameters of the
validation phase show favorable behavior with MAPE values below 9% and with correla-
tion coefficients above 0.980. For the training phase, the adjustments are similar to the
validation phase, although an increase in the MAPE value of the random forest model is
observed; even so, it remains below 10%.

For the query phase, it can be seen an inconsistent behavior. Thus, for the RF model
and the ANN model is observed that the statistics remain close to the values of the training
and the validation phase, while the SVM model suffers an increase in terms of RMSE that
makes this statistic parameter reach a value of 0.779, lowering its correlation coefficient to
0.817.

Given these results (Table 2), it can be said that the RF and ANN models can perform
prediction tasks correctly. These two models present lower RMSE values (0.298 and 0.307)
than the model proposed by Li et al. (2020) in the test phase (0.369), which was developed
with two input variables (log D and ¢p). The SVM model presents high generalization er-
rors, which imply that it should not be used for prediction tasks. It should be noted that
this SVM model, which is the one with the lowest error for the validation phase among all
the SVM models developed, is the one with the highest error for the query phase. Other
SVM models with close RMSE values in the validation phase (0.255 and 0.262) subse-
quently showed a better result in the query phase (0.287 and 0.266, respectively).

Finally, the last group of models (PS/seawater) developed corresponds to the ma-
chine learning models aimed to predict the adsorption capacity for polystyrene in sea-
water. Based on the results shown in Table 2, and taking into account the value of RMSE
for the validation phase, it can be stated that the model that presents the best behavior in
this phase is the support vector machine (SVMnr2105) model (0.524), followed by the artifi-
cial neural (ANNIin) network (0.643) and the random forest model (0.794). Based on the
results presented by the mean absolute percentage error, it can be affirmed that these
models destined to predict the adsorption for PS in seawater are the models that present
the worst adjustments for the validation phase, varying between 14.61% and 21.69%. De-
spite this, the correlation coefficients remain high, with values greater than 0.960, except
for the random forest model, whose correlation coefficient falls to 0.883. For the query
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phase, the values in terms of RMSE remain close, except for the random forest model,
keeping the MAPE values above 15.1%.

Taking into account the results shown in Table 2, it can be concluded that the models
to predict the adsorption capacity for PS in seawater do not present, in general, good re-
sults, except for the SVM model, which improves the RMSE value for the test phase (0.714)
of the model developed by Li et al. (2020) with two input variables (log D and ).

Taking into account the results obtained by the machine learning models that have
used the same variables as Li et al. (2020), it can be said that, in general, the ML models
improve the results obtained by Li et al. (2020). However, these types of ML models often
need a large number of experimental cases and input variables to correlate the desired
variable. Therefore, in this research, in addition to developing ML models with the varia-
bles used by Li et al. (2020), other ML models have been developed with more input var-
iables. This is possible because Li et al. (2020) report eight different input variables; there-
fore, the results obtained by the models with the input variables selection Type 2 are
shown below (Table 3).

3.2. ML models using input variables Type 2

Table 3 shows the adjustments obtained for the machine learning models developed
with the input variables combination Type 2 using all the available input variables (except
for the cases in which the variable qH* is not possible).

The first models (PE/seawater) correspond with ML models to predict the adsorption
for polyethylene in seawater. Unlike the Type 1 models for PE/seawater where three input
variables, log D, ex and & were used, in this new PE/seawater model, seven input variables
were used (Log D, M’w, €a, €, q, V', 7). It can be seen (Table 3), based on the RMSE
value for the validation phase, that the best-developed machine learning model is the
SVM (SVMnios) model, which has a value of 0.243, followed by the ANN (ANNiin) model
(0.306), being the random forest model, the model with the highest RMSE value for this
phase (0.373). It is clear that for this phase, the three selected models present suitable ad-
justments. In addition, these models also present high values of the correlation coefficient,
all greater than 0.990. These promising results are also obtained for the training phase,
although the random forest model presents a substantial increase regarding RMSE (from
0.373 to 0.824).

For the query phase, the RMSE values obtained by the model show an increase, in
the same way that happened for the models with the input variables selection Type 1. In
addition, looking at the data for the query phase of Table 2 and Table 3, it can be seen that
the incorporation of the five variables concerning the input variables selection Type 1 de-
stabilizes the models' prediction, causing in all of them an increase in the RMSE value for
this phase.

Despite this, the random forest and support vector machine models improve the re-
sults of the three-variable model proposed by Li et al. (2020) (0.693, 0.443 vs. 0.752, respec-
tively, in terms of RMSE values for the test phase). The artificial neural network model
developed with seven input variables presents an RMSE value close to the value of the Li
et al. (2020) model for the query phase (0.762 vs. 0.752). Only the SVM model developed
using the input variables selection Type 2 has improved the ML models that used the
input variables selection Type 1.

do0i:10.20944/preprints202302.0300.v1
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Table 3. Adjustments for the different machine learning models developed using the input variables
selection Type 2. Random forest (RF), support vector machine (SVM), and artificial neural network
(ANN). T, V, and Q are training, validation, and query phases, respectively. Root mean square error
(RMSE), mean absolute percentage error (MAPE), and correlation coefficient (r). The best models
(regarding RMSE for the validation phase) are in bold.

T Vv V4
C 7 & % & % &
=) = < = = < = = < =
= ~ = ~ = ~ =
PE/seawater
RF 0.824 38.89 0.954 0.373 7.69 0.988 0.693 26.80 0.970
SVM 0.336 5.52 0.991 0.243 5.22 0.994 0.443 16.38 0.984
ANN 0.040 0.56 1.000 0.306 5.46 0.989 0.762 15.28 0.946
PE/freshwater
RF 0.424 16.78 0.991 0.697 8.78 0.962 0.392 11.86 0.986
SVM 0.320 6.87 0.991 0.473 7.05 0.990 0.210 8.18 0.999
ANN 0.289 4.94 0.992 0.446 7.10 0.991 0.272 10.40 0.997
PE/pure water
RF 0.473 10.77 0.955 0.204 3.31 0.983 0.542 10.37 0.929
SVM 0.306 5.34 0.981 0.154 2.56 0.990 0.433 7.25 0.956
ANN 0.634 14.70 0.916 0.403 7.90 0.937 0.551 11.57 0.926
PP/seawater
RF 0.295 6.44 0.988 0.245 9.42 0.994 0.215 3.36 0.983
SVM 0.222 4.74 0.992 0.229 6.98 0.990 0.240 3.66 0.974
ANN 0.029 0.54 1.000 0.419 12.20 0.979 0.494 8.20 0.938
PS/seawater
RF 0.486 11.07 0.980 0.475 15.16 0.970 0.873 23.01 0.882
SVM 0.248 4.72 0.994 0.290 8.50 0.986 0.385 12.05 0.976
ANN 0.309 7.01 0.990 0.445 9.74 0.984 0.407 12.43 0.973

The second group of models (PE/freshwater) corresponds to machine learning mod-
els aimed at predicting the adsorption capacity of polyethylene in freshwater using eight
input variables (Log D, M, €q, €, qH*, g, V', 7). In this case, the best model, based on the
RMSE value for the validation phase, corresponds to the ANN (ANNiog) model (0.446),
followed by the SVM (SVMn) model (0.473) and the RF model (0.697). These reasonable
adjustments are reflected in the high correlation coefficients, all greater than 0.960. This
behavior is improved in all statistical parameters for the training phase, except for the
mean absolute percentage error of the random forest model. For the query phase, these
new models present RMSE values between 0.210 and 0.392, maintaining high correlation
coefficients, all higher than 0.980. Comparing the ML models developed using the input
variables selection Type 2 with the previously developed models using the input variables
selection Type 1, it can be said that the ML models developed with eight variables improve
the models developed with only one variable; the improvement is appreciable in all the
parameters except three MAPE values.

Because of the results reported in Table 3, it can be concluded that the RF, SVM, and
ANN models developed using eight input variables improve the model developed by Li
etal. (2020) (0.392, 0.210, and 0.272 vs. 0.661, respectively, in terms of RMSE values for test
phase).

The next group of models (PE/pure water) corresponds with ML models to predict
the adsorption for polyethylene in pure water. In this case, these models were developed
using the eight input variables (Log D, M'w, €q, €5, gH*, q-, V', 1) instead of the two or one

do0i:10.20944/preprints202302.0300.v1
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which were used by Li et al. (2020) and that was also used in the development of the
previous ML models (Table 2). In this case, the optimization process carried out by the RF
model involved the elimination of the variable V' in the trees of the forest.

It can be seen in Table 3 that the best-selected model, according to the RMSE value
for the validation phase, is the SVM (SVMiog) model, which presents a value of 0.154, fol-
lowed by the RF model (0.204) and the ANN (ANNiog) model (0.403). As in the previous
models developed using the input variables selection Type 2, the correlation coefficients
are high, all greater than 0.930. This good behavior for the validation phase is also ob-
served in the training phase, although a small increase in the errors made by the models
can be seen. For the query phase, the different models present RMSE values between 0.433
and 0.551, keeping the MAPE value around 10% and correlation coefficients greater than
0.920.

Comparing the ML models Type 2 with the previously developed models Type 1, it
can be said that, for the query phase, the random forest and support vector machine mod-
els present similar adjustments, in terms of RMSE, to those presented by the Type 1 mod-
els. Despite this, only the support vector machine model improve the results of the best
model proposed by Li et al. (2020) (0.433 vs. 0.471, respectively, in terms of RMSE values
for the test phase).

The next models (PP/seawater) correspond to the models developed to predict the
adsorption for polypropylene in seawater using seven input variables (Log D, M'w, €a, &g,
q, V', n).

Based on the results provided by the root mean square error in the validation phase,
it can be said that the best model is the support vector machine (SVMiog) model (0.229),
followed by the random forest model (0.245) and finally, the artificial neural network
(ANNIin) model, which presents a higher error than the other two models (0.419). The cor-
relation coefficients of the three models are greater than 0.975. This good behavior in the
validation phase is also observed in the training phase, both for the random forest model
and the support vector machine model; however, it should be noted that the artificial neu-
ral network model presents in the training phase an error of 0.029. The three models pre-
sent RMSE:s for the query phase between 0.215 and 0.494, with the support vector machine
model offering the best results, as was the case in the validation phase.

If the results obtained by the models developed using the input variables selection
Type 2 are compared with Type 1, it can be said that the increase in the number of varia-
bles has led to a significant decrease in the RMSE values obtained in the query phase for
the RF and the SVM model. This can be seen in the support vector machine model, which
goes from an RMSE of 0.779 to 0.240.

Given the results reported in Table 3, it can be concluded that the RF and the SVM
models developed using seven input variables improve the model developed by Li et al.
(2020) with two variables (0.215 and 0.240 vs. 0.369, respectively, in terms of RMSE values
for test phase). In addition, these models also improve the machine learning models de-
veloped using the input variables selection Type 1 except for the ANN model, which is
slightly worse.

Finally, the last group of models (PS/seawater) corresponds to the ML models to pre-
dict the adsorption for polystyrene in seawater using seven input variables (Log D, M"w,
€a, €8, q, V', 7). In these new models, a significant improvement can be seen in the valida-
tion and query phase adjustment parameters. In fact, for the validation phase, the RMSE
values are between 0.290 and 0.475 for the SVM (SVMn210g) model and the RF model, re-
spectively, while in the Type 1 models, the RMSE values were included between 0.524 and
0.794. Similar behavior is observed for the query phase, with the RMSE values between
0.385 and 0.873. As can be seen in Table 3, the best model on this occasion is the support
vector machine model, which also offers the best adjustment parameters for the query
phase (0.385).

Given the results, it can be said that the SVM and the ANN (ANNiog) models devel-
oped using seven input variables improve the model developed by Li et al. (2020) with
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two input variables (0.385 and 0.407 vs. 0.714, respectively, in terms of RMSE values for

the test phase).
Figure 1 represents the experimental and predicted values of log Kifor the best ma-

chine learning models, according to RMSE in the validation phase) of each block shown

in Table 3.
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Figure 1. Scatter plots for the experimental and predicted values of log Ka for the selected ML
models developed using the input variables selection Type 2. The dashed line corresponds to the
line with slope 1.

Each graph shows that the adjustments of the training, validation, and query cases
are conveniently fitted to the line of slope 1, although some deviation can be observed as
it happens in a query case for the PE/seawater model or the PE/pure water model. In gen-
eral, it can be seen that all the best models consistently predict the log Ka values.

Given the results shown in Table 1 and 2, key points can be drawn about the results
obtained for the different machine learning models developed.

e  Regardless of the input variables chosen, there is always some machine learning
model that improves the adjustments of Li et al. (2020) (in terms of RMSE for the
query phase).

¢ Including additional variables to develop the ML models does not always improve
the variable selection carried out by Li et al. (2020). This is especially evident in the
ML models destined to predict PE/seawater, where no model developed using the
input variables selection Type 2 improves the models Type 1.

e  To the best of the authors' knowledge, increasing the number of experimental cases
for each microplastic/water group used to develop the models would be appropriate.
Presumably, this increase would help the models present better adjustments.

4. Conclusions

In this research, various prediction models based on machine learning have been de-
veloped using different variables to determine the adsorption capacity for PE, PP, and PS
towards organic pollutants in various specific water environments.
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Given the results, it can be concluded, regardless of the variables chosen for the de-
velopment of the model, that there is always some machine learning model that provides
good results.

On the other hand, the increase in input variables does not necessarily mean an im-
provement in the results of the models. This can be seen in the models intended to be used
in PE/seawater, where no model developed using the variables selection Type 2 improves
the Type 1 models.

To the best of the authors' knowledge, it would be necessary to improve all models
using: i) more experimental cases for each microplastic/water group, ii) different datasets
for training, validation, and query, or means different configuration parameters, among
others.
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