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Abstract 1 

The adsorption of contaminants of emerging concern (CECs) onto microplastics (MPs) can alter 2 

their environmental behavior and toxicity. Thus, understanding adsorption and desorption 3 

processes is essential for accurate risk assessment. Models based on adsorption capacities lack 4 

robustness due to experimental variability. To address this, we applied density functional theory 5 

(DFT) and developed quantitative structure property relationship (QSPR) models to study 6 

interactions between polyethylene terephthalate (PET) MPs and model organic pollutants (m-7 

COPs). Four QSPR models were developed by correlating interaction energies (Eint) at distinct 8 

PET adsorption sites with molecular descriptors of m-COPs. Model performance was confirmed 9 

through internal and external validation. Key descriptors reflect structural features influencing 10 

adsorption, particularly functional group size, flexibility, and the ability to form hydrogen bonds. 11 

Adsorption mechanisms varied depending on the adsorption site. At the sites close to terminal 12 

hydroxyl or carboxyl groups adsorption is mainly controlled by the ability of m-COPs to form 13 

hydrogen bonds. At other sites, adsorption was driven by molecular size and the ability to form 14 

multiple interactions all of which contribute to the total interaction energy. 15 

 16 

Keywords: microplastic, adsorption, organic pollutants, DFT, QSPR  17 
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1. Introduction 1 

 2 

Microplastics (MPs) are polymer particles smaller than 5 millimeters in diameter that are either 3 

produced intentionally or are the result of the fragmentation of larger plastics (Hartmann et al., 4 

2019). Just like larger plastics, MPs are not degradable and therefore accumulate in the 5 

environment. A considerable amount of MPs is now found in all environmental compartments 6 

worldwide (Cole et al., 2011; Li et al., 2018A; Wang et al., 2021), from where they can easily 7 

enter organisms through ingestion, inhalation or direct tissue absorption (Urli et al., 2023). 8 

Consequently, traces of MPs are found in fruits, vegetables (Oliveri Conti et al., 2020), fish 9 

(Baechler et al., 2020), livestock (Omidi et al., 2012), and humans (Ragusa et al., 2021; Jenner et 10 

al., 2022; Leslie et al., 2022), raising the question of their toxicity and effect on health. Indeed, 11 

MPs have been shown to have different effects on organisms (Kogel et al., 2020). The studies on 12 

the toxic effect of MPs on zebrafish (Danio rerio) have shown that the presence of MPs in the 13 

organism can lead to intestinal and liver damage, oxidative stress, disruption of the reproductive 14 

system and ultimately death (Lu et al., 2016; Lei et al., 2018). 15 

In addition, MPs can interact with inorganic and organic compounds (Godoy et al., 2019; 16 

Li et al, 2021; Papac, Zjačić et al., 2023), including contaminants of emerging concern (CECs) 17 

that involve cyanotoxins, flame retardants, organohalogens and perfluorinated compounds, 18 

personal care products, pesticides, plasticizers, and pharmaceuticals (Kovacic et al., 2020). Studies 19 

on MPs collected from the environment have also showed that they can adsorb various 20 

contaminants on their surface (Camacho et al., 2019; Capriotti et al., 2021; Elseblani et al., 2023). 21 

Therefore, MPs can contribute to the migration of contaminants through the environment and 22 

within an organism. Adsorption and desorption are dynamic processes that can alter the behaviour 23 
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of MPs and the overall toxicity of MPs and vectored contaminants (Bhagat et al., 2021; Rubin and 1 

Zucker, 2022). 2 

For that reason, to properly assess the risk of MPs, it is crucial to understand the mechanism 3 

of adsorption/desorption and types of interactions between MPs and different types of 4 

contaminants. Previous studies have shown that the adsorption of organic contaminants on MPs 5 

results from the interplay of hydrophobic interactions, van der Waals forces, electrostatic 6 

interactions, π-π interactions and hydrogen bonding (Xia et al., 2023). The adsorption capacity and 7 

the extent of these interactions are determined by the type and physico-chemical properties of MPs 8 

and contaminants, as well as the surrounding matrix (Fu et al., 2021; Costigan et al., 2022). For 9 

example, MPs with a larger specific surface area generally have more adsorption sites and 10 

therefore a greater adsorption capacity (Li et al., 2018B; Ma et al., 2019). Polyamide (PA) MPs 11 

showed a higher adsorption capacity for pharmaceuticals compared to other types of MPs which 12 

is attributed to the formation of hydrogen bonds (Guo et al., 2019A; Guo et al., 2019B). Some 13 

studies suggest the adsorption of contaminants on MPs is higher in freshwater than in seawater (Li 14 

et al., 2018; Llorca et al., 2018), presumably due to the competition of ions and contaminants for 15 

the adsorption sites. On the other hand, a high ion concentration could increase adsorption by 16 

reducing the solubility of contaminants (Ma et al., 2019; Wu et al., 2020). Hence, quantitative 17 

experimental results are highly dependent on methodology, which makes the comparison of results 18 

from study to study quite challenging. 19 

Quantitative Structure Property Relationship (QSPR) is a method used to correlate the 20 

quantitative results of adsorption studies and structural features of contaminants to develop models 21 

able to predict the adsorption of similar set of contaminants and potentially provide insight into 22 

the underlying adsorption mechanism (Ling et al., 2019; Tomic et al., 2022). Previous QSPR 23 
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studies on MPs adsorption indicate that lipophilicity, ionization potential, molecular size and 1 

branching were the main structural properties of contaminants that influenced the adsorption 2 

capacities on polyethylene (PE), polypropylene (PP) and polyvinyl chloride (PVC) MPs (Zhu et 3 

al., 2022), while π-electron conjugation influenced adsorption on polystyrene (PS) MPs (Li et al., 4 

2020). These studies also suggest different adsorption mechanisms depending on the type  and 5 

pretreatment of MPs as well as the type of environment (Li et al., 2020; Gui et al., 2021; Yao et 6 

al., 2022; Zhu et al., 2022; Hatinoglu et al., 2023). Therefore, the application of these models is 7 

limited to the specific MPs and environmental conditions used to obtain data for model 8 

development.  9 

For this reason, in our work, we used computational chemistry combined with QSPR 10 

modelling to single out key structural features of common organic pollutants (m-COPs) that affect 11 

their adsorption on polyethylene terephthalate (PET) MPs. Specifically, we used density functional 12 

theory (DFT) methods to calculate the interaction energies between PET MPs and m-COPs, 13 

representing the response variable for QSPR modelling. The interaction energy is related to the 14 

number and strength of specific interactions (Cortés-Arriagada, 2021; Cortés-Arriagada et al., 15 

2022; Cortés-Arriagada et al., 2023) and can therefore be used to provide insights into the 16 

mechanism (Yu et al., 2020; Mo et al., 2021). PET MPs was chosen because it is one of the most 17 

abundant plastics in the environment, with a significantly higher adsorption capacity compared to 18 

PE and PP (Munoz et al., 2021). Our goal is to develop a simple models able to explain the effects 19 

of different functional groups on adsorption, since m-COPs functional groups are often found in 20 

CECs determining their chemical properties and fate in the environment (Juretic et al., 2015).  21 

 22 

2. Computational details  23 
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2.1. Interaction energy calculations  1 

Gaussian 16 software (Frisch et al., 2019) was used to perform all the calculations in the 2 

framework of density functional theory. The method of choice was M06-L/def2-SVP. M06-L 3 

(Zhao and Truhlar, 2006) is a non-hybrid functional chosen for its ability to treat non-covalent 4 

interactions at a computationally lower cost compared to the hybrid functionals. Additionally, 5 

Grimme’s D3 empirical dispersion (Goerigk et al., 2011) was used to account for the dispersive 6 

forces and density fitting of basis set that can accelerate the calculation of non-hybrid functionals 7 

without the significant loss of the accuracy.  8 

Our PET model contains two trimers of ethylene terephthalate with a molecular formula 9 

C60H52O26, optimized in the shape of a nanosphere. This structure was chosen as the previous 10 

studies (Cortés-Arriagada, 2021; Ortega and Cortés-Arriagada, 2023) showed that the adsorption 11 

onto MPs is controlled by many interactions that can be formed between pollutants and folded 12 

nanoparticle model, as opposed to the models that use only monomers or single oligomeric chains 13 

to represent MPs. Furthermore, our recent work (Pulitika et al., 2024) showed that the interactions 14 

between pollutants and MPs are local and that the further increase in the size of the model had no 15 

effect on the interaction energies.  16 

Since the surface of PET MPs is heterogeneous, we assume it contains multiple adsorption 17 

sites that differ in their ability to adsorb organic pollutants. In our previous work (Pulitika et al., 18 

2024), we identified four adsorption sites of interest, as showed in Figure 1.  19 
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 1 

Figure 1. The structure of model PET microplastic with four adsorption sites. 2 

 3 

The adsorption sites were chosen to represent different adsorption sites to account for the 4 

heterogeneity and complexity of the real polymer. Adsorption site I is the terminal carboxyl group, 5 

which can form strong hydrogen bonds, adsorption site II is the benzene ring, which can contribute 6 

to the interactions by forming π-π bonds. Adsorption site III and adsorption site IV are located on 7 

the surface of PET MPs and are presumably the most common types of adsorption sites in a 8 

realistic PET MPs. 9 

The interactions were studied between our PET MPs model surface and a series of 30 m-10 

COPs structured as single-benzene compounds containing different types of functional groups as 11 



8 

 

substituents as well as pyridine analogues. Their structures are showed in Figure 2. They were 1 

chosen because of their key features and functional groups found in complex organic pollutants, 2 

frequently abounded in environment (e.g. pesticides, pharmaceuticals, personal care products, 3 

organics dyes, etc ), as well as for their simplicity, which is necessary for the efficiency of the 4 

calculations. All the binary systems containing PET MPs model surface and one of chosen m-5 

COPs adsorbed to each of the adsorption sites were optimized and the vibrations frequencies were 6 

calculated as to avoid any imaginary frequencies and to ensure the system is in its true minima of 7 

energy. The interaction energies (𝐸int) between PET MPs and m-COPs were calculated as the 8 

difference between the total energy of the system (𝐸PET/m-COP) and the energies of only PET MPs 9 

unit (𝐸PET) and only m-COP unit (𝐸m−COP): 10 

𝐸int = 𝐸PET/m-COP − 𝐸PET − 𝐸m-COP 11 

The more negative interaction energy corresponds to a stronger adsorption. The interaction 12 

energies were calculated using the counterpoise correction (CP) method (Gray et al., 2022) to 13 

account for the basis set superposition error (BSSE). BSSE is a mathematical error that arises from 14 

the way in which the energies of individual molecules and dimer are calculated, i.e. in a calculation 15 

of a dimer, an individual monomers can utilise some of the basis functions from one another which 16 

leads to the artificial stabilization of a complex and overestimation of interaction energy. In CP 17 

method the the energies of the dimer and the individual units are calculated using the same basis 18 

set which avoids BSSE. The interaction energies are presented for all four sites in Table 1 and 19 

were further used as the response variables in QSPR modelling. 20 
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 1 

Figure 2. Structures of 30 compounds representing common organic pollutants (m-COPs) to 2 

study the adsorption interactions with model PET surface. 3 

 4 

2.2. QSPR formulation  5 

The structures of all 30 m-COPs were optimized by M06-L/def2-SVP method in Gaussian 6 

16. The molecular descriptors were calculated by Dragon 6.0. software (Mauri et al., 2006) that 7 

uses empirical and semi-empirical methods to calculate the structural features of chosen m-COPs. 8 
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In total, 2526 descriptors were used to develop predictive models of interactions energies in 1 

dependence on the structural features of the m-COPs.  2 

The models were developed using QSARINS 2.2.4 software; the calculated energies (𝐸int) 3 

were set as the response variables and the Dragon descriptors were used as independent variables. 4 

For each model, 25 m-COPs were selected for training set, while rest five compounds were placed 5 

into test set. The criteria for splitting into training and test sets were standard and rather simple: 6 

similar intervals of targeted values used in QSPR modeling were kept in both sets, meaning that . 7 

none of sets could contain only upper or bottom values of targeted responses. Hence, all 30 m-8 

COPs were ordered by energy (from highest to lowest) and every 5th compound (+/- one) was 9 

arbitrarily selected and transferred to test set, while remaining 25 m-COPs were part of training 10 

set. It should be noted that only the models up to 5 variables (i.e. descriptors) were considered, 11 

respecting “the rule of thumb” in QSPR modelling; the ratio of more than 1:5 between the number 12 

of variables (descriptors) and the number of molecules in training set is not desirable.  13 

Before modelling, the descriptor matrix was normalized by dividing the values of descriptors 14 

by the highest absolute value in the training set for each descriptor. The normalization of matrix 15 

allows us to study the contribution of each descriptor to the target response in selected model.  16 

Genetic algorithm (GA) method (Sukumar et al., 2014) was used to select the most relevant 17 

descriptors and the parameters were set as following: 100 random models, generation size of 500 18 

interaction and the mutation probability specified as 20%. Multiple Linear Regression Analysis 19 

(MLRA) method was used to develop models with 1-5 variables. During GA and MLRA modeling 20 

actions, the filtering rules were employed to discard models with either highly correlated 21 

descriptors (Rij > 0.7) or those with the inadequate significance of either model of model term (pM 22 
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or pT ≥ 0.05); QUIK rule was applied prior modeling, CI rule was activated after models were 1 

built.  2 

Models were selected and validated by comparing the common statistical parameters such 3 

as: coefficient of determination (R2), the leave-one-out cross-validation coefficient (Q2
LOO), F-4 

ratio between the variances of observed and calculated property (F), probability value for 5 

calculated F (p), standard error (s), and standard error of the predictive residue of sum of squares 6 

(Spress). The validation of models for each response variable was also performed by Leave Many 7 

Out (LMO) and “Y-scrambling” test. Williams plots were used to study the applicability domain 8 

(AD) and determine the possible response variable (Y) and structural (X) outliers (Gramatica, 9 

2013). 10 

Four models were chosen as the best-fitting ones, each predicting the interaction energies 11 

(𝐸int) of m-COPs (Fig. 2) at one adsorption site (Fig. 1). The models’ coefficients were recalculated 12 

using the entire set of data (all 30 molecules) with normalized descriptors. The final Model I 13 

predicts the interaction energies with adsorption site I on PET MPs, Model II with the adsorption 14 

site II, Model III and Model IV, with adsorption sites III and IV respectively. 15 

 16 

3. Results and Discussion  17 

3.1 Interaction energies 18 

The optimized geometries of m-COPs adsorbed on adsorption sites I, II, III and IV on PET 19 

MP model surface are showed in Figure S1-S6, while the interaction energies (𝐸int) calculated by 20 

M06-L/def2-SVP method with Grimme’s D3 empirical dispersion for mentioned binary systems 21 

(i.e. PET MPs model surface and 30 m-COPs on four adsorption sites) are listed in Table 1. The 22 

interaction energies (𝐸int) on the adsorption site I are in range from –32.69 kcal mol–1 (calculated 23 

in the case of benzamide, BAM, adsorption) to –9.89 kcal mol–1 (calculated in the case of toluene, 24 
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PhMe, adsorption). The average interaction energy for all 30 m-COPs is –19.42 kcal mol–1. The 1 

average interaction energies for the adsorption on sites II, III, and IV are –16.08 kcal mol–1, –13.51 2 

kcal mol–1 and –12.43 kcal mol–1 respectively. The m-COPs that adsorb strong to the adsorption 3 

sites (have more negative interaction energies), for example benzamide (BAM), phenylsulfonic 4 

acid (PhSO2OH), phenylsulfinic acid (PhSOOH), phenylphosphonic acid (PhPO(OH)2), and 5 

benzenesulfonamide (BSAM), have the ability to form hydrogen bonds with the PET MPs which 6 

can stabilize the adsorption. On the other hand, m-COPs incapable of forming hydrogen bonds, 7 

namely toluene (PhMe), benzene (Bz) and styrene (Sty), demonstrated the weakest adsorption 8 

affinity towards the model PET MP, as evidenced by the relatively high interaction energy values. 9 

Hydrogen bonds can be formed between the functional groups of the m-COPs and the carboxyl 10 

group of the adsorption site I, hydroxyl group found in the vicinity of the adsorption site II on our 11 

model PET MPs surface, and oxygen atoms of the ester group on the surface of PET MPs. 12 

 13 

Table 1. Interactions energies between 30 m-COPs and model PET MPs surface of on four chosen 14 

adsorption sites (I, II, III and IV) used as a response variable for QSPR modelling (bold 15 

underlined values represent those used for the test sets, while others were part of training sets).  16 

Compound Abbreviation 
Eint / kcal mol–1 

I II III IV 

Benzene Bz –10.20 –9.44 –7.06 –8.28 

Toluene PhMe –9.89 –7.98 –9.01 –9.18 

Styrene Sty –10.34 –13.00 –11.28 –10.08 

Phenylacetylene PhA –12.29 –11.90 –11.18 –9.27 

Chlorobenzene PhCl –11.71 –10.91 –10.75 –8.88 

Bromobenzene PhBr –11.87 –11.08 –11.48 –8.97 

Fluorobenzene PhF –12.10 –10.40 –9.37 –8.75 

Phenol PhOH –21.30 –18.63 –16.59 –15.37 

Anisole PhOMe –19.21 –16.09 –9.32 –11.53 

Benzaldehyde PhCHO –20.34 –15.41 –10.63 –9.59 

Acetophenone AcPhO –21.24 –18.19 –11.49 –13.64 

Benzoic acid BA –29.43 –20.78 –17.58 –14.17 

Phenylacetic acid PhAA –29.89 –17.25 –16.20 –13.98 
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Aniline PhNH2 –20.18 –15.23 –12.95 –12.79 

N-Methylaniline NMA –17.28 –16.75 –11.81 –10.23 

N,N-Dimethylaniline DMA –13.24 –17.05 –13.83 –11.22 

Benzonitrile PhCN –19.47 –15.69 –13.60 –9.17 

Nitrobenzene PhNO2 –18.26 –15.58 –9.68 –12.31 

Benzamide BAM –32.69 –22.49 –16.27 –17.78 

Thiophenol PhSH –12.99 –15.35 –12.80 –12.25 

Phenylsulfenic acid PhSOH –19.41 –18.92 –13.71 –14.99 

Phenylsulfinic acid PhSOOH –30.18 –17.59 –19.43 –18.33 

Phenylsulfonic acid PhSO2OH –32.04 –25.21 –25.97 –18.49 

Benzenesulfonamide BSAM –22.99 –22.14 –15.74 –20.58 

Phenylphosphonic acid PhPO(OH)2 –29.62 –23.72 –26.66 –19.26 

o-xylene o-PhMe2 –11.57 –10.58 –11.29 –9.19 

Catechol o-Ph(OH)2 –25.03 –22.44 –17.70 –15.69 

o-Phenyldiamine o-Ph(NH2)2 –18.95 –18.71 –14.70 –12.39 

Triazine Tr –18.96 –11.88 –7.79 –7.79 

Chlorotriazine TrCl –20.05 –11.97 –9.35 –8.65 

 1 

3.2. Validation of QSPR models 2 

To further elucidate the effect of m-COP’s structural features on the adsorption to PET MPs, 3 

the calculated interaction energies (𝐸int) were used as the responses to develop QSPR models. For 4 

each adsorption site, the m-COPs were split into training (25 molecules) and test set (5 molecules) 5 

as indicated in Table 1 and QSPR modelling was performed to obtain a set of models with 1 to 5 6 

variables (descriptors).  7 

In Figure 3 the coefficients of the determinations of models for the training and test set in 8 

accordance with the number of variables used in the model for each adsorption site are showed. 9 

As can be seen, R2 values of the training set increase as the number of variables in the models also 10 

increases, since added variables contribute to better description of chosen data set. However, this 11 

does not apply for R2 values of the test set, due to the fact that the models with too many variables 12 

are overfitted, providing lower predictivity of responses for chosen data set. Therefore, we have 13 

chosen as the best models for each adsorption site on the basis of cross-validation taking into 14 

account R2 values calculated for both training and test sets, as well as values of other statistical 15 
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parameters listed in Table S1 of supporting materials. Hence, in the case of adsorption sites I, III 1 

and IV the 3-variable models were chosen as the best, and for adsorption site II, the 4-variable 2 

model was chosen. 3 

The statistical parameters of chosen models are showed in Table S1 of supporting materials. 4 

The selected models were further validated by Leave Many Out technique (LMO) that studies the 5 

robustness of the model by excluding a random sample of molecules and recalculating the model, 6 

after which it tests the performance by predicting the excluded molecules. The scatter graphs 7 

obtained by LMO technique are showed in Figure S7. For all four models, the Q2
LMO values are 8 

mainly close to Q2
LOO value and not widely disperse which indicates that our selected models are 9 

stable. The results of “Y-scrambling” test are showed in Figure S8. R2 and Q2 values of all selected 10 

models are significantly greater that R2 and Q2 values of the models after Y-scrambling is 11 

performed which proves that models are valid, and do not result from the chance correlation. The 12 

fitting criteria values and the values of internal and external validation criteria for the selected 13 

models are listed in Table S2 in the supporting materials.  14 
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 1 

Figure 3. The values of coefficients of determination (R2) of the training set and test of the QSPR 2 

models with 1-5 variables developed to predict the interaction energies of m-COPs with adsorption 3 

sites I, II, III and IV of PET MP.  4 

 5 

The scatter plots of QSPR predicted vs. DFT calculated interaction energies employing 6 

selected models are showed in Figure S9. All the models represent given data very accurately 7 

which is also seen from the corresponding R2 values; points and/or point clusters are located very 8 

close to the diagonal line in all cases. In Figure S10 we show the Williams plots that study the 9 

applicability domain of the selected models and point out to response variable (Y) or structure (X) 10 
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outliers. In most cases there are no Y-outliers as all residuals fall inside ±3.0 σ limits; the only 1 

exception is BSAM compound in model for adsorption site I, which standard residual value 2 

slightly exceeds -3.0 σ limit. Williams plot of Model IV, that predicts the interaction energy 3 

between organic pollutants and adsorption site IV on the PET MP, shows the HAT value of 4 

catechol (o-Ph(OH)2), which was placed in test set, is higher than the limit value (h*) and is 5 

considered as X-outlier. However, HAT values of all the other molecules are below the limit. 6 

Overall, we conclude that are models can be considered as accurate.  7 

 8 

3.3. Model descriptors 9 

The coefficients of descriptors used to build our selected Model I, Model II, Model III and 10 

Model IV with normalized training set that describe the interaction energies between m-COPs and 11 

PET MP on adsorption sites I, II, III and IV, respectively, are listed in Table S3, along with 12 

pertaining statistical data. All the descriptors included are significant as their p-value is lower than 13 

the upper significance limit of 0.05. All descriptor pairs used in a specific model have a cross-14 

correlation coefficients lower than the limit of 0.7 (Rij>0.7) as can be seen in cross-correlation 15 

matrix presented in Figure 4, i.e., the models are linear.  16 

 17 
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 1 

Figure 4. Cross-correlation matrix of descriptor variables in QSPR Model I, Model II, Model III 2 

and Model IV for the prediction of interaction energies of m-COPs with the adsorption sites I, II, 3 

III and IV respectively. 4 

 5 

The descriptors used to build our models are listed in Table 2. The used descriptors fall into 6 

several categories: 2D atom pairs, molecular properties, 3D-MoRSE, RDF descriptors, 3D-7 

autocorrelation, CATS2D, edge adjacency indices, and GETAWAY. 2D atom pairs are very 8 

simple and straightforward descriptors that represent the number of times the exact atom pair occur 9 

at a certain topological distance. Molecular properties descriptors are derived from literature 10 

models. Others are calculated by more complex scheme. 3D-MoRSE (Molecular Representation 11 

of Structures based on Electronic diffraction) descriptors are 3D descriptors derived from 12 

scattering functions in electron diffraction studies (Juretic et al., 2015). There is a high range of 13 



18 

 

3D-MoRSE descriptors that are usually denoted as Morsw, where s denotes the number of signal 1 

and takes values from 1 to 32, and w denotes a weighting scheme. 3D-MoRSE descriptors can be 2 

unweighted (u) or weighted by either mass (m), van der Waals volume (v), Sanderson 3 

electronegativity (e), polarizability (p), ionization potential (i) or I-state (s). These descriptors have 4 

proved they are very valuable for QSA/PR. However, they are hardly interpretable (Devinyak et 5 

al., 2014). RDF descriptors are based on the radial distribution function (RDF). RDF can be 6 

interpreted as the probability distribution of finding an atom in a spherical volume of radius r 7 

(Gonzalez et al., 2008). RDF descriptors are denoted as RDFsw, where s represents the distance in 8 

0.1 Å and it takes up values from 10 to 155 in five-unit steps, and w stands for the weighting 9 

scheme same as for 3D-MoRSE descriptors. 3D-autocorrelation descriptors calculate the Euclidian 10 

distance between atom pairs within a molecule up to a cut-off distance (Sliwoski et al., 2015). 11 

These descriptors are denoted as TDBsw, where s stands for oath length (lag) and w stands for 12 

weighting scheme. 3D-autocorrelation descriptors can be unweighted (u) or weighted by mass (m), 13 

van der Waals volume (v), Sanderson electronegativity (e), polarizability (p), ionization potential 14 

(i), I-state (s) or covalent radius (r). CATS2D descriptors are topological pharmacophore 15 

descriptors based on auto- and cross-correlation of pharmachophoric atom types (Dreher et al., 16 

2018). CATS2D descriptors recognize 5 pharmacophoric types of atoms: H-bond donor (D), H-17 

bond acceptor (A), positively charged (P), negatively charged (N), and lipophilic (L) atom. Every 18 

atom in the molecule can be assign to none, one or two pharmacophoric types. CATS2D 19 

descriptors count the number of atom pairs in molecule with a defined pharmacophoric types at a 20 

specific topological distance that is in the range from 0 to 9. Edge adjacency indices are topological 21 

descriptors derived from edge adjacency matrix that encode the connectivity between graph edges 22 

(Tomic et al., 2022). GETAWAY descriptors (GEometry, Topology and Atom-Weights 23 
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AssemblY) correlate geometric information from the leverage matrix (also known as the 1 

Molecular Influence Matrix (MIM)), topological information from the molecular graph, and 2 

physicochemical information using various weighting schemes such as mass (m), van der Waals 3 

volume (v), Sanderson electronegativity (e), polarizability (p), ionization potential (i) and I-state 4 

(s) (Zapadka et al., 2022). GETAWAY descriptors are categorized into two groups: H-5 

GETAWAY, which are calculated from MIM, and R-GATEWAY, which are calculated from the 6 

influence distance matrix that combines the elements of MIM with the elements of the geometry 7 

matrix. 8 

 9 

Table 2. Definitions of descriptors used in QSPR Model I, Model II, Model III and Model IV for 10 

the prediction of interaction energies of m-COPs with the adsorption sites I, II, III and IV 11 

respectively. 12 

Model Descriptor name Descriptor definition Descriptor type 

I 

RDF050m Radial Distribution Function – 050 / weighted by mass RDF descriptors 

F01[C-O] Frequency of C – O at topological distance 1 2D Atom Pairs 

SAacc Surface area of acceptor atoms from P_VSA-like descriptors Molecular properties 

II 

SM15_AEA(ed) 
Spectral moment of order 15 from augmented edge adjacency 

matrix weighted by edge degree 

Edge adjacency 

indices 

Mor22s Signal 22 / weighted by I-state 
3D-MoRSE 

descriptors 

HATS4u Leverage-weighted autocorrelation of lag 4 / unweighted 
GETAWAY 

descriptors 

MLOGP2 Squared Moriguchi octanol-water partition coefficient (logP^2) Molecular properties 

III 

TDB04v 
3D Topological distance based descriptors – lag 4 weighted by 

van der Waals volume 
3D autocorrelations 

CATS2D_03_DL CATS2D Donor-Lipophilic at lag 03 
Pharmacophore 

descriptors 

F02[O-O] Frequency of O – O at topological distance 2 2D Atom Pairs 

IV 

RDF050u Radial Distribution Function – 050 / unweighted RDF descriptors 

MLOGP2 Squared Moriguchi octanol-water partition coefficient (logP^2) Molecular properties 

SAdon Surface area of donor atoms from P_VSA-like descriptors Molecular properties 

 13 
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The performance of the selected models when applied on the entire set of data (30 m-COPs) 1 

with normalized descriptors is showed in Figure 5, the plot of residuals is showed in Figure S11 2 

and descriptive statistical data of the new coefficients is given in Table 3. The corresponding 3 

models’ equations, together with their statistical parameters are presented below by equations (1) 4 

to (4): 5 

• Model I: 6 

𝐸int(I) =  − 7.190 (± 3.554)RDF050m −  4.155 (± 2.958)F01[C-O]  7 

− 13.603 (± 3.695)SAacc −  11.285 (± 1.612)     (1) 8 

(n = 30; R2 = 0.872; s = 2.670; F = 58.876; p < 0.0001; Q2 = 0.826; SPress = 3.108; SDEP = 2.943) 9 

• Model II: 10 

𝐸int(II) =  − 39.471 (± 8.067) SM15_AEA(ed) −  3.261 (± 1.327) Mor22s 11 

+ 4.839 (± 2.634)HATS4u +  8.064(± 1.636) MLOGP2  12 

+ 11.572 (± 7.107)        (2) 13 

(n = 30; R2 = 0.929; s = 1.295; F = 83.296; p < 0.0001; Q2 = 0.899; SPress = 1.557; SDEP = 1.445) 14 

• Model III: 15 

𝐸int(III) =  − 5.811 (± 4.168)TDB04v −  6.773 (± 1.926) CATS2D_03_DL  16 

− 8.446 (± 2.875) F02[O-O] −  6.562 (± 2.896)    (3) 17 

(n = 30; R2 = 0.903; s = 1.539; F = 80.418; p < 0.0001; Q2 = 0.861; SPress = 1.837; SDEP = 1.739) 18 

• Model IV:  19 

𝐸int(IV) =  − 8.152 (± 1.911) RDF050u +  2.690 (± 2.051) MLOGP2 20 

  −  5.593 (± 1.821) SAdon −  8.296 (± 1.558)    (4) 21 

(n = 30; R2 = 0.893; s = 1.280; F = 72.702; p < 0.0001; Q2 = 0.859; SPress = 1.472; SDEP = 1.394) 22 

 23 
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It should be noted that a more negative interaction energy (𝐸int) corresponds to a stronger 1 

adsorption. Therefore, the descriptors with a negative coefficient have a positive effect on the 2 

adsorption capacity. In the above models, only MLOGP2 (Model II and Model IV) and HATS4u 3 

(Model II) have a negative effect on adsorption capacities, while all other descriptors have a 4 

positive effect.  5 

 6 

Figure 5. Calculated interaction energies and corresponding models’ equations of QSPR Model I, 7 

Model II, Model III and Model IV that predict interaction energies of m-COPs with the adsorption 8 

sites I, II, III and IV on PET MP respectively when applied on the entire set of data (30 molecules) 9 

with normalized descriptors.  10 
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Table 3. Descriptive statistical data of the coefficients in in QSPR Model I, Model II, Model III 1 

and Model IV for the prediction of interaction energies of m-COPs with the adsorption sites I, II, 2 

III and IV respectively when applied on the entire set of data with normalized descriptors (30 3 

molecules). 4 

Model Variable Coefficient 
Standard 

deviation 

(+/-) 95% Confidence 

interval 
t-ratio p-value 

I 

Intercept -11.29 0.78 1.61 -14.40 0.00 

RDF050m -7.19 1.73 3.55 -4.16 <0.01 

F01[C-O] -4.15 1.44 2.96 -2.89 <0.01 

SAacc -13.60 1.80 3.69 -7.57 0.00 

II 

Intercept 11.57 3.45 7.11 3.35 <0.01 

SM15_AEA(ed) -39.47 3.92 8.07 -10.08 0.00 

Mor22s -3.26 0.64 1.33 -5.06 0.00 

HATS4u 4.84 1.28 2.63 3.79 <0.01 

MLOGP2 8.06 0.79 1.64 10.15 0.00 

III 

Intercept -6.56 1.41 2.90 -4.66 <0.01 

TDB04v -5.81 2.03 4.17 -2.87 <0.01 

CATS2D_03_DL -6.77 0.94 1.93 -7.23 0.00 

F02[O-O] -8.45 1.40 2.88 -6.04 0.00 

IV 

Intercept -8.30 0.76 1.56 -10.95 0.00 

RDF050u -8.15 0.93 1.91 -8.77 0.00 

MLOGP2 2.69 1.00 2.05 2.70 <0.01 

SAdon -5.59 0.89 1.82 -6.32 0.00 

 5 

The descriptors included in Model I that describe the interaction energies between m-COPs 6 

and PET-MP at adsorption site I are RDF050m, F01[C-O] and SAacc. As can be seen from 7 

equation (1), all three included descriptors have negative coefficients, meaning that all three 8 

synergistically contribute to the chosen response, i.e. the higher their values, the higher is 9 

adsorption. Due to the fact that descriptors are normalized, the coefficients allow us to estimate 10 

the extent of their contribution. Hence, the highest contribution is obtained by the SAacc 11 

descriptor, while other two contribute approx. 50% (RDF050m) and 25% (F01[C-O]) of its extent. 12 

The SAacc descriptor represents the surface area of the acceptor atoms (Gajewicz-Skretna et al., 13 

2021). The organic molecules characterized by higher values of the SAacc descriptor are more 14 
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susceptible to accept electrons and form hydrogen bonds. The values of the descriptors used in 1 

Model I for all 30 m-COPs selected are listed in Table S4 of the supporting material. The m-COPs 2 

that adsorb most strongly (with the lowest interaction energy) at adsorption site I have very high 3 

SAacc values. The m-COPs with oxygen-containing functional groups such as PhSO2OH, 4 

PhSOOH, BSAM and PhPO(OH)2, in which the oxygen is bound to sulphur and phosphorus, and 5 

BAM and BA, in which the oxygen is bound to carbon, have the highest SAacc values. PhMe, Bz, 6 

Sty, o-PhMe2, PhCl, PhBr, PhA, PhSH have an SAaac value of 0 and have the lowest interaction 7 

energies with adsorption site I. The descriptor F01[C-O] indicates the number of oxygen atoms 8 

directly bonded to the carbon atom. m-COPs with an oxygen-containing functional group can form 9 

hydrogen bonds with the carboxyl group at adsorption site I. However, for some m-COPs such as 10 

PhSO2OH, PhSOOH, and PhPO(OH)2, the value of this descriptor is equal to 0, as their oxygen is 11 

not bonded directly to the carbon, but to a sulphur, phosphorus or nitrogen atom. Since they can 12 

also form hydrogen bonds, as the hydrogen is bonded to a strongly electronegative atom, this 13 

contributes significantly to their interaction energies. Hence, their strong ability to form hydrogen 14 

bonds between O atoms and PET MPs surface is compensated with the highest SAaac values, as 15 

mentioned above. RDF050m is the probability distribution for finding an atom in a spherical 16 

volume with a radius of 5 Å, weighted by mass. The descriptor RDF050m has a positive effect on 17 

adsorption, presumably due to the fact that the larger molecules (recognized over weighting 18 

scheme m, i.e. molecular mass) can interact with the neighboring parts of PET MPs, which can 19 

further stabilize the complex and facilitate the adsorption process.  20 

Model II (eq. (2)) describes the relationship between the structural properties of selected 21 

m-COPs and their interaction energies with adsorption site II of PET MPs. In this case the 4-22 

variable model which includes SM15_AEA(ed), Mor22s, HATS4u and MLOGP2 was 23 
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determined to be the best-fitting model whose values are listed in Table S5. First two mentioned 1 

descriptors have negative coefficients in eq. (2), providing synergistic effects to the chosen 2 

response, while later two possess positive confidents, thus antagonistically contributing to the 3 

predicted adsorption at site II. SM15_AEA(ed) makes by far the largest contribution, while the 4 

other three descriptors play a minor, but not negligible role in the adsorption prediction with 5 

contributions of approximately 20% for MLOGP2, 12% for HATS4u, 9% for Mor22s in relation 6 

to SM15_AEA(ed). SM15_AEA(ed) is a spectral moment of order 15 from augmented edge 7 

adjacency matrix weighted by edge degree. The edge adjacency matrix is a matrix derived from 8 

the molecular graph. The matrix element is equal to 1 if the edges are adjacent and 0 if they are 9 

not. In an augmented edge adjacency matrix, the main diagonal contains non-zero elements, which 10 

in our case are weighted by edge degree (Janežič et al., 2015). SM15_AEA(ed) is a trace of the 11 

corresponding matrix raised to the power of 15. Molecules that contain more atoms and have a 12 

more branched structure have a higher value of the SM15_AEA(ed) descriptor than smaller linear 13 

or cyclic molecules. The larger m-COPs in terms of molecular weight are usually more branched, 14 

and have a higher number of electronegative oxygen and/or nitrogen atoms. The m-COPs with 15 

higher values of SM15_AEA(ed) have more degrees of rotational freedom and their functional 16 

groups can interact with the nearby surface of PET MP, including the terminal hydroxyl group, 17 

which is located near adsorption site II and forms hydrogen bonds. Therefore, the high contribution 18 

of this descriptor in the model shows the importance of hydrogen bonding for the stabilization of 19 

the system. Following in terms of contribution to the selected response, specifically adsorption at 20 

site II, is MLOGP2, which represents a squared value of logP calculated by Moriguchi method 21 

(Lipinski et al., 2012). The high MLOGP2 value indicate very lipophilic or very hydrophilic 22 

molecules. Although these two properties are polar opposites, since logP values for hydrophilic 23 
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molecules are negative, while for lipophilic are positive, by squaring their values within MLOGP2 1 

descriptor, both values become positive. In our case, all the molecules are lipophilic, therefore the 2 

positive coefficient of MLOGP2 indicates the negative effect of lipophilicity on the adsorption on 3 

PET MP. HATS4u, as next contributing descriptor, does not have such straightforward correlation 4 

with ability to make hydrogen bonding, which has been shown as essential for effective adsorption 5 

on PET surface (Pulitika et al., 2024), as previously elaborated descriptors. Hence, HATS4u 6 

pertain to GETAWAY descriptors, whose interpretation is much more complicated and requires 7 

the consideration of three elements: weighting scheme, leverages, and the Dirac delta function. As 8 

HATS4u represents a leverage-weighted autocorrelation of lag 4 / unweighted, the weighting 9 

scheme is irrelevant. The descriptor with the fourth largest contribution in eq (2) is Mor22s, 10 

representing the signal 22 of 3D-MoRSE weighted by I-state. As mentioned above, 3D-MoRSE 11 

descriptors are very useful and are often used as the main or one of the contributing descriptors of 12 

various models. However, their meaning is also hardly interpretable, without a straightforward 13 

correlation with the adsorption effect in our case. However, its weighting scheme I-state, i.e. 14 

electrotopological state atom (I-state) indices, is developed to better indicate the important 15 

topological features and molecular fragments mediating a particular response, combining 16 

electronic and topological characteristics of atoms/molecules (Roy and Mitra, 2012). Hence, it is 17 

has been found as important structural feature to reflected adsorption of selected m-COPs via 18 

hydrogen bonding to PET MPs surface in our case. 19 

 In the Model III (eq. 3), CATS2D_03_DL, F02[O-O] and TDB04v descriptors are highly 20 

correlated with the end-point, i.e. (𝐸int) values, at site III. Their values for all 30 c-COPs are listed 21 

in Table S6. CATS2D_03_DL is the number of hydrogen bond donor atom-lipophilic atom pair 22 

that are separated by three bonds. This descriptor directly reflects importance of hydrogen bonding 23 
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in adsorption of m-COPs onto PET MPs; higher CATS2D_03_DL value results in stronger 1 

adsorption of m-COPs. F02[O-O] represents the number of oxygen-oxygen atom pair separated 2 

by two bonds. As explained above, m-COPs possessing O atom showed higher susceptibility to 3 

hydrogen bonding to PET MPs, while double O atoms in the molecule even increase such a 4 

probability. The TDB04v descriptor is another descriptor that refers to the size of the molecule. 5 

This descriptor calculates the Euclidean distances between atoms with a topological distance of 4 6 

(separated by 4 bonds). In this case, the descriptor is also weighted by the van der Waals radius. 7 

Therefore, more linear molecules with larger surface areas have a higher value of the TDB04v 8 

descriptor than small molecules with curved or cyclic structures. The coefficient of this descriptor 9 

is negative, which means that the interaction energies between PET MPs and m-COPs are stronger 10 

for the m-COPs with a larger surface area. 11 

 Model IV describes the relationship between the structural features of m-COPs and their 12 

interaction energies with adsorption site IV at PET MP surface. The values of descriptors used in 13 

model IV are listed in Table S7. The descriptor with the highest contribution in eq. (4) is RDF050u. 14 

The same descriptor has been shown as contributing one in Model II, but there was its analogue 15 

weighted by molecular mass (RDF050m). We assume RDF050u contributes in a way that m-COPs 16 

characterized by a higher value have larger surface, therefore those m-COPs are able to interact by 17 

more weak interactions with the surface of PET MP than smaller m-COPs. SAdon falls into the 18 

same category of P_VSA like descriptors as SAacc (shown to be the most contributing in Model 19 

I, eq (1)), while it represents surface of electron donor atoms. MLOGP2 negatively affects 20 

adsorption, the same as in in Model II (eq. (2)). The molecules with a higher MLOGP2 value (the 21 

one with more lipophilic character) will have a higher interaction energy with the adsorption site 22 

IV which has a negative effect on adsorption capacity.  23 
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In general, the main descriptors used in the above models to correlate structural features of 1 

m-COPs and their ability to adsorb at PET MPs surface, represented in our case as interaction 2 

energies between m-COPs and PET MPs surface, refer either to their ability to form hydrogen 3 

bonds or to the size of the m-COPs. The contribution of the descriptors differs from model to 4 

model, i.e. from adsorption site to adsorption site. For adsorption site I, the most important 5 

descriptor, SAacc, whose contribution is over 54%, is associated with the ability to form hydrogen 6 

bonds between the functional groups and the terminal carboxyl group of PET MPs. For adsorption 7 

site II, the most important descriptor is SM15_AEA(ed), which contributes over 70%. This 8 

descriptor is more related to the size and flexibility of the functional group. When we examine the 9 

structure of the m-COPs (Fig. 1), we observed that the larger, more flexible functional groups have 10 

atoms that can form hydrogen bonds, while the optimized geometries of the m-COP/PET systems 11 

(Fig S1 - Fig. S6) were examined, it was evident that these groups are able to “reach” the terminal 12 

hydroxyl group of PET near adsorption site II and therefore form hydrogen bonds. The models 13 

representing adsorption at sites III and IV do not have as dominant descriptors as model I and 14 

model II. Since these sites do not have a terminal hydroxyl or carboxyl group, adsorption is not 15 

only dominated by the ability to form a stronger bond, but also depends on the size of the m-COPs 16 

and the ability to have many interactions, all of which contribute to the total interaction energy. 17 

These results are consistent with our previous work where we examine intermolecular weak 18 

interactions using DFT methods (Pulitika et al., 2024).  19 

The findings presented are of significant relevance to our understanding of the 20 

environmental fate and behaviour of PET micro- and nano-plastics. Ageing of PET leads to the 21 

formation of new carboxyl groups, i.e. by surface oxidation of the macromolecule (Papac Zjačić 22 

et al., 2023). As was demonstrated by the findings presented herein, these sites facilitate adsorption 23 
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of m-COPs, especially those able to form hydrogen bonds such as PhSO2OH, PhSOOH, and 1 

PhPO(OH)2 used in this study. While hydrophobic interactions are commonly considered to be the 2 

most relevant (Lee et al., 2014; Gui et al., 2021) in the context of the environmental vectoring 3 

properties of the micro- and nano-plastics, this study underscores the importance of hydrogen 4 

bonding. In addition, it is important to note that hydrogen bonding is a much stronger type of a 5 

weak interaction than hydrophobic interactions. It is therefore more than likely that aged PET, but 6 

also other polymer particles that form carboxyl groups under the oxidative conditions of 7 

environmental ageing, exhibit enhanced adsorption of favorable aromatic moieties.  8 

 9 

4. Conclusion 10 

 11 

In this work, we studied the adsorption of PET MPs and 30 single benzene ring compounds and 12 

pyridine analogues, i.e. m-COPs, containing various functional groups commonly present in 13 

CECs. The quantitative results of the interaction energies between PET MPs model surface and 30 14 

m-COP were used as end-points for the QSPR modelling. Our results showed that the adsorption 15 

of m-COPs differs depending on the adsorption site at the PET MPs surface. The interaction 16 

energies between PET MPs and m-COPs were strongest for adsorption site I, especially for 17 

benzamide, benzoic acid, phenylacetic acid, phenylphosphonic acid, phenylsulfonic acid, and 18 

phenylsulfinic acid, all of which can form multiple hydrogen bonds with terminal carboxyl group 19 

on PET MPs. For m-COPs whose functional group cannot form hydrogen bonds, such as benzene, 20 

toluene and styrene, the interaction with PET MPs was similar for all four adsorption sites. Four 21 

QSPR models developed by correlating the interaction energies between m-COPs and PET MPs 22 

at all four adsorption sites and descriptors of m-COPs provide further insight into the key structural 23 
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features of m-COPs for adsorption to PET MPs. For adsorption site I, the most important descriptor 1 

was SAacc, which refers to the surface area of the electron acceptor atoms, which can be 2 

interpreted as the ability to form hydrogen bonds. For adsorption site II, the most important 3 

descriptor is SM15_AEA(ed), which refers to the size and flexibility of the functional groups. 4 

Considering the position of the terminal hydroxyl group at adsorption site II and the final optimised 5 

geometries of the binary PET MPs and m-COP systems, we concluded that this descriptor is 6 

important due to the ability of larger and more flexible functional groups to interact with the 7 

terminal hydroxyl group of PET MPs through hydrogen bonding. Adsorption at sites III and IV is 8 

not much facilitated by strong hydrogen bonds, but rather by the size of the functional group, which 9 

is able to form many weaker interactions with the surrounding surface of PET MPs. These findings 10 

indicate that ageing of PET, and other MPs as well, in the environment could lead to an increased 11 

affinity towards adsorption of certain m-COPs due to the formation of hydrogen bonds with the 12 

carboxyl groups on the surface of aged MPs. 13 
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