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ABSTRACT: The success of recycling plastics by means of
depolymerization requires the selective purification of regenerated
monomers from complex mixtures. This can be assisted by accurate
prediction of the phase behavior of large, flexible, and multifunc-
tional additive molecules, which remains a challenge for current
thermodynamic models. In this study, the solubility of 11
representative additives and three PET monomers was measured
in two common depolymerization solvents, water and ethylene
glycol, covering a wide range from practically insoluble (<1 ppm)
to 41.6 wt %. To benchmark predictive capabilities, a quantum-
chemistry workflow was investigated, integrating RDKit conformer
generation, Gaussian DFT optimizations, and COSMO-RS
thermodynamic modeling. Systematic conformer sampling proved
critical for bulky, high-molecular-weight additives such as antioxidants. A comparison of three Pople-type basis sets revealed a trade-
off between computational cost and accuracy. The 6−311++G(d,p) basis set provided the best balance (RMSE = 1.31 log units),
while 3−21+G(d) reduced computational cost at lower accuracy, and 6−311++G(3df,3pd) yielded only minor improvements for
select cases at significantly higher cost. Prediction accuracy was highest for more soluble compounds but decreased with increasing
molecular weight, conformational flexibility, and Gibbs free energy of fusion. To improve solid−liquid equilibrium predictions,
melting points and fusion enthalpies were measured using DSC and compared with QSPR estimates. This combined computational-
experimental approach supports the development of energy-efficient purification strategies in chemical recycling of condensation
polymers such as PET.

1. INTRODUCTION
Plastic pollution has emerged as a critical global challenge,
making innovations in this field more urgent than ever to
reduce its environmental impact. Next to reduction, reusing,
and eco-design, plastic recycling, encompassing both mechan-
ical and chemical methods, serves as the cornerstone of circular
and more sustainable plastics. For many condensation
polymers, such as PET, depolymerization is a promising
approach to achieve closed-loop recycling by converting the
polymer into its building blocks through processes like
glycolysis, hydrolysis, or methanolysis.1 Scientific literature
has focused a lot on the depolymerization reaction itself.2 Yet,
when developing an industrial process, one of the most energy-
intensive stages in depolymerization, the purification of its
reaction products, has been understudied. This challenge arises
from the inherent complexity of the initial waste feedstock,
which contains not only polymers but also various (Non)
Intentionally Added Substances ((N)IAS) such as additives,3

catalysts from the polymerization process, plastic degradation
products, and contaminants introduced during consumer use.4

These components may exist as molecules, long-chain
oligomers, or ionic species, and they can be organic or
mineral, which complicates the downstream processing of
depolymerization reactions.5,6

The selection and design of purification processes typically
depend on properties such as solubility, vapor pressure, and
partition coefficients that can be estimated based on
thermodynamic parameters, such as activity coefficients.7,8

Such property estimation methods are known or have been
studied for petrochemical molecules for decades.9 Yet, for
many (N)IAS present in plastic depolymerization media, such
as additives, these thermodynamic properties have not been
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described.10−12 Traditional thermodynamic models, such as
Excess Gibbs Energy models (e.g., NRTL, UNIQUAC), rely
heavily on experimental equilibrium data to regress binary
interaction parameters for all the component pairs in the
system, which can be very expensive, time-consuming, or even
impossible.13 In this regard, the COSMO-RS (COnductor-like
Screening MOdel for Real Solvents) thermodynamic model
has gained a lot of attention as it allows a deeper understanding
of a solution’s nonideality and intermolecular forces.14,15 This
model has become particularly popular because it can require
minimal to no experimental input, relying primarily on the
results of Quantum Chemistry (QC) calculations, which
provide information about the molecular structure, volume,
and area, as well as the sigma profile. Such a sigma profile
represents the charge density distribution on the molecular
surface, serving as the basic input, along with molecular volume
and area, for predicting thermodynamic properties and
ultimately phase equilibria.16,17 Such calculations require a
stepwise approach, starting with conformer searching and
geometry optimization, and progressing to calculating
thermodynamic properties and solvation. This process,
especially for relatively large and complex molecules such as
additives, involves numerous methodological choices.

In this context, this study aims to evaluate a computational
workflow for predicting the solubility of 11 additives and three
PET-related monomers in water and ethylene glycol, two
typical solvents used in hydrolysis and glycolysis depolymeriza-
tion, respectively. Furthermore, the solubility measurements
reported in Section 4.2 serve as the validation reference for the
workflow throughout this study. The selected molecules,
representative of additive categories commonly expected in
depolymerization processes, are depicted in Figure 1. Knowing
their solubility is important as residual additives need to be
separated to achieve a pure monomer, allowing repolymeriza-
tion to high-quality PET. The compounds were selected for
their structural diversity and relevance to PET, a key polymer
in the circular economy of plastics. By comparing three
different basis sets, the trade-offs between computational cost
and accuracy are assessed to identify an optimal approach and
its limitations for use in depolymerization system modeling.

2. THEORETICAL BASIS AND COMPUTATIONAL
FRAMEWORK

In this paper, the solubility of selected monomers and additives
is estimated following a workflow shown in Figure 2. The
process begins with an automated search of molecular
conformations, utilizing RDKit (V.2023.09.3) to generate a

Figure 1. 2D structures of the studied components.
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library of conformers. Subsequently, the resulting geometries
are optimized using static calculations with the Gaussian 16
(revision C.01) software, and COSMO input files are
generated. Finally, these inputs are collected and analyzed in
COSMOtherm 20.0.0 (revision 5273M) to predict the relevant

thermodynamic properties and to estimate the solubilities of
the selected components in two solvents, water and ethylene
glycol. Below, the execution of each step is discussed in detail.
Performing a proper conformer screening to identify local or

global minimum energy structures is an essential step. For

Figure 2. QC-driven workflow for thermodynamic property estimation in COSMO-RS (COSMOtherm).
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small molecules, exhibiting a unique, well-defined conforma-
tion, using the lowest-energy conformer is typically suffi-
cient.18,19 However, (N)IAS such as additives are often
relatively large (350−1000 g/mol or higher) and flexible
molecules, for which the potential energy surface is quite
complex, exhibiting multiple and sometimes nearly isoenergetic
local minima. Here, the choice of the initial structure impacts
the outcome of the optimization algorithm. To improve the
likelihood of finding the global minimum, a robust conformer
search should be implemented to ensure all diverse and
relevant conformers are considered during optimization.20

Different software solutions are available to automate the
search for various conformations, such as RDKit, which is a
versatile open-source toolkit widely used in cheminformatics
and computational chemistry, as it can start from formats like
SMILES (Simplified Molecular Input Line Entry System) and
InChI (International Chemical Identifier), making it partic-
ularly valuable when no initial 3D structure is available.21,22

It should be noted that the accuracy of COSMO-based
models, such as COSMO-RS, is sensitive to the chosen
quantum-chemical (QC) level of theory. Furthermore,
COSMO-RS accuracy declines in aqueous systems and
halogenated compounds due to simplified hydrogen-bond
treatment and challenges in accounting for dispersion and
polarization,23 which is particularly relevant for halogenated
additives in polymers. Finally, conformer selection also plays a
critical role as partition coefficients are shown to be even more
sensitive to conformational diversity than solubility. In
particular, flexible molecules, especially ones capable of
intramolecular hydrogen bonding, require that all relevant
low-energy conformers be taken into account for accurate
predictions.24,25 Consequently, in many cases, validation of
QC-derived structures is essential and can be achieved by
comparing calculated results with experimental reference data,
such as vapor pressure or activity coefficients for liquids, and
solubility for solids.23,24

2.1. Conformer Searching

The first step consists of the identification of various possible
conformers. In this preoptimization step, RDKit’s package was
used in a Python environment, and the “EmbedMultipleConfs”
function from RDKit’s “rdDistGeom” module was employed to
generate 1,000 conformers for each molecule from their 2D
mol files. This function uses the basic DG (Distance
Geometry) algorithm to compute a distance matrix based on
molecular topology and employs random coordinate embed-
ding to create initial conformations. The parameters
“useRandomCoords = True” and “pruneRmsThresh = 1”
were applied to ensure the generation of a diverse set of
conformers while filtering out those that were too similar.
However, while DG (Distance Geometry) explores a broader
and less constrained conformational space, unlike ETKDG
(Experimental Torsion Knowledge Distance Geometry), DG
does not account for torsion angle preferences, the planarity of
aromatic systems, or steric clash avoidance. To address this, all
generated conformers are optimized using the UFF (Universal
Force Field) optimization tool.26 Following optimization, an
additional Root-mean-square deviation (RMSD) based prun-
ing (threshold of 1 Å) was performed to eliminate conformers
that converged into more similar structures.26−28 The output
of conformer generation is usually a library of conformers,
which are organized based on a structural similarity descriptor.
This descriptor is calculated based on the RMSD of atoms

coordinated between two conformers. A higher RMSD
indicates greater differences in the atomic configurations
between the conformers. For an output of N conformers, an
N × N symmetric matrix is constructed and is then further
processed for clustering.29

For structures lacking structural diversity due to a simple,
rigid backbone or few rotatable bonds (i.e., number of
conformers <4), all of the conformers were geometrically
optimized. For molecules with more than four remaining
conformers, K-means clustering (using the scikit-learn
implementation with K-means++ initialization)30 was applied
to select representative conformer structures based on
RMSD.31 The number of rotatable bonds was calculated
using “CalcNumRotatableBonds” from “rdMolDescriptors”.
The optimal number of clusters was determined by evaluating
three validation metrics: the Silhouette Score (SiS), the
Calinski-Harabasz Index (CHI), and the Davies-Bouldin Index
(DBI).32 While no single metric is universally superior,
combining them provides complementary insights to ensure
compact and meaningful clustering.29,32

Silhouette Score (SiS) shown by eq 1 is a clustering metric
that measures how well each data point fits within its assigned
cluster compared to other data points. It calculates the average
distance to points within the same cluster and those in the
nearest neighboring cluster. Scores range from −1 to 1, where
values near 1 indicate well-defined clusters, values near 0
indicate overlapping clusters, and values near −1 suggest
misclassification. However, the score may be less reliable when
clusters differ significantly in size or density.33
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The Calinski-Harabasz Index (CHI)34 shown by eq 2
evaluates clustering by comparing between-cluster dispersion
to within-cluster compactness. It uses the ratio of between-
cluster to within-cluster sum of squares. Higher CHI suggests
better-defined clusters; however, the index has no upper bound
and may favor clusters of similar size, thereby limiting
reliability for clusters with varied shapes or densities.32,34
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The Davies-Bouldin Index (DBI)35 shown by eq 3, scores
clustering by averaging, for each cluster, the highest ratio of
intracluster dispersion to intercluster separation. Dispersion is
the average distance within a cluster; separation is the centroid
distance to the most similar cluster. A lower DBI (ideally 0)
indicates compact, well-separated clusters. DBI tolerates size
imbalance but may favor more clusters by reducing both
dispersion and centroid distances.35,36
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In the equations above, the commonly used variables are
NC, which denotes the number of clusters, ci, the centroid of
cluster i, and ni, the number of data points assigned to that
cluster. The symbols x and y represent individual points, while
d(x,y) denotes the Euclidean distance between them. For the
Silhouette Score (SiS), ai refers to the mean intracluster
distance of point x, and bi corresponds to the mean nearest-
cluster distance.
Clustering metrics were computed using Python functions

from the sklearn.metrics library. The optimal number of
clusters was analyzed from two upward until limited by the
total number of conformers or computational resources. The
optimal cluster count was qualitatively chosen when at least
two metrics aligned, aiming to strike a balance between the
identification of distinct geometries and computational
efficiency.28,32

2.2. Geometry Optimization

Subsequently, DFT calculations to perform geometry opti-
mizations on the RDKit output structures were carried out
using the Gaussian software. The hybrid B3LYP functional was
chosen as the level of theory, as it is known to give reliable
geometry predictions.23 This method was supplemented with
additional Grimme D3 dispersion corrections to properly
account for dispersion (van der Waals) interactions.37

This study employs three Pople-style basis sets of increasing
complexity: 3−21+G(d), 6−311++G(d,p), and 6−311++G-
(3df,3pd). The 3−21+G(d) offers low computational cost, and
its accuracy is evaluated relative to larger split-valence sets.38

The 6−311++G(d,p) incorporates additional diffuse and
polarization functions that enhance the description of non-
covalent interactions. The 6−311++G(3df,3pd) further
extends polarization on both heavy atoms and hydrogens,
enabling higher accuracy for systems requiring greater angular
flexibility.39 A vibrational analysis is carried out on the
optimized geometries to ensure a stable (local) minimum is
found with no imaginary frequencies.
The SCRF module with COSMO-RS settings is then used to

generate the COSMO file for the COSMO-RS model. This file
is used as input for COSMOtherm to estimate thermodynamic
properties and calculate the total corrected energies.
2.3. Solubility Estimation

The final step in this computational workflow is the use of
COSMOtherm, a collection of modules based on the
COSMO-RS thermodynamic model.40−42 In this model, the
chemical potential of compound “i” in solvent “S” is calculated
by integrating μS(σ) over the sigma surface by eq 4:

= + ×p d( ) ( )S
i

C S
i i

S, (4)

In this equation, C S
i

, which depends on the area and volume
of the compounds in the mixture, is the combinatorial term
accounting for the size and shape differences of the molecules.
The chemical potential of surface segments is calculated using
eq 5:

=
Ä
Ç
ÅÅÅÅÅÅÅÅÅ

i
k
jjj

y
{
zzz

É
Ö
ÑÑÑÑÑÑÑÑÑ

RT
a

p
a

RT
E

E d

( ) ln ( )exp ( ( ) ( , )

( , )) ’

S
eff

S
eff

S misfit

HB
(5)

This equation uses the effective contact area aef f, donor
sigma potential pS(σ′), misfit Energy Emisf it, and hydrogen
bonding energy EHB, which is a function of hydrogen bond
strength and threshold for hydrogen bonding.
Subsequently, the activity coefficient and solubility of each

solute are calculated using eqs 6 and 7, respectively:
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For the process of dissolution, the total Gibbs free energy
can be written as the sum of two components as eq 8:43

= +G G Gi dissolution i fusion i mixing, , , (8)

This equation shows that the Gibbs free energy of
dissolution for solids has two contributors: the first term
accounts for the energy required to transition from the solid or
crystalline phase to the liquid phase, while the second term
arises from the interactions and mixing between the solute in
its supercooled liquid form and the solvent molecules, which
include effects related to molecular size and shape
(combinatorial), electrical forces, hydrogen bonding, disper-
sion forces, and polarization.44,45

COSMO-RS was initially developed for liquid-phase
equilibria, making accurate activity coefficient predictions in
solid−liquid equilibrium (SLE) particularly challenging for
large, flexible molecules.24,46 Estimating solid solubility with
COSMO-RS also requires thermal corrections using melting
point and enthalpy of fusion, obtained experimentally (e.g.,
DSC) or predicted via Group Contribution (GC) theory47 or
Quantitative Structure−Property Relationship (QSPR)48

which relates the molecular descriptors to thermodynamic
properties. However, advancements in QSPR methodologies
have improved the accuracy of these thermal property
estimations over classic GC theories.49

For the enthalpy of fusion, COSMOquick v.2020 employs
six molecular descriptors in a multivariate linear regression
model trained on a data set of 2,332 organic molecules. In
contrast, melting point prediction is more challenging due to
its nonlinear nature.50 Therefore, a random forest regression
was trained on 12,000 compounds with 20 molecular
descriptors (all descriptors are listed in Table S.1).48 In this
paper, the predictive performance of these QSPR models for
melting point and enthalpy of fusion was evaluated by
comparing them to DSC results. The DSC procedure is
described in Section 3.3.
The Gibbs free energy of fusion (ΔGfusion)) is a key

parameter that determines whether the melting process is
spontaneous at a specific temperature. At the melting point
(Tm), the solid and liquid phases are in equilibrium, and
ΔGfusion = 0. Below Tm, ΔGfusion is positive, making fusion
nonspontaneous. The general expression for the Gibbs free
energy of fusion is given by eq 9:48
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where ΔHfusion is the enthalpy of fusion, ΔSfusion is the
entropy of fusion, and ΔCp,fusion is the change in heat capacity
during the phase transition. To simplify this equation, the
change in heat capacity is assumed to be approximately zero,
Cp,fusion ≈ 0. This assumption is valid for temperatures close to
the melting point:51 Considering this condition, the equation
reduces to eq 10:

=G H T Sfusion fusion fusion (10)

At the melting point (T = Tm)), the system is at equilibrium,
so ΔGfusion = 0. From this condition, the entropy change during
fusion can be calculated as eq 11:

=S
H

Tfusion
fusion

m (11)

Substituting eq 11 for ΔSfusion into eq 10, it will be simplified
to eq 12:

=
i
k
jjjjj

y
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zzzzzG H

T
T

1fusion fusion
m (12)

Furthermore, the solvents, water, and ethylene glycol, were
selected from the COSMOtherm v.20 database, and COSMO
files were imported with the TZVPD_FINE parametrization.

The Tm and ΔHfus values were then incorporated into the
compounds’ properties.
When available, comparing estimated properties, such as

boiling point or vapor pressure, with experimental data (self-
association) helps identify anomalous conformers. For solids,
solubility estimates enable comparison within a conformer set
or with experimental data.23,25 In the absence of experimental
data, nonparametric outlier detection methods can be used to
detect outlier conformers, as conformer solubilities do not
follow a normal distribution. Models such as the modified Z-
score, presented as eq 13, can then be used to identify
conformers that poorly align with others.52

= ×
Z

x x
MAD

0.6745 ( )
i

i i
(13)

In which, x̃i and MAD are the median of data points, and the
median absolute deviation of the data points, respectively.
Finally, to predict the absolute solubility, conformers were

combined into a single set. The conformers are weighted
internally using the Boltzmann distribution, considering their
energy, chemical potential, and dielectric energy correction
with a weight prefactor that accounts for degeneracy and
symmetry.18 Finally, the SLE/LLE (Liquid−Liquid Equili-
brium) option is selected, and to specify ΔGfus, the
experimental option was chosen to incorporate the DSC data.
The deviations from the experimental solubilities are

calculated using the RMSE of log units in ppm over the
relevant data by eq 14:

Table 1. List of Additives, Monomers, and Solvents Investigated in This Study

Category Chemical name
Chemical
Formula

Trade name/
Abb. Chemical Family Cas no Company

Purity/
Quality

Anti-Microbial Methyl 4-hydroxybenzoate C8H8O3 Methyl
Paraben

Aromatic ester�
Parabens

99-76-3 Sigma-
Aldrich

CRM

Antioxidant 1,3,5-Trimethyl-2,4,6-tris(3,5-ditert-butyl-4-
hydroxybenzyl)benzene

C54H78O3 Irganox 1330 Primary phenolic 1709-70-2 Sigma-
Aldrich

99%

Pentaerythritol tetrakis(3,5-ditert-butyl-4-
hydroxyhydrocinnamate)

C73H108O12 Irganox 1010 Primary phenolic 6683-19-8 Sigma-
Aldrich

+95%

Tris(3,5-ditert-butyl-4-hydroxybenzyl)
isocyanurate

C48H69N3O6 Irganox 3114 Primary phenolic 27676-62-6 Supelco CRM/
MQ300

UV Stabilizer 2-(2H-Benzotriazol-2-yl)-4,6-bis(1-methyl-
1-phenylethyl)phenol

C30H29N3O Chiguard-234 Hydroxyphenyl
benzotriazole

70321-86-7 Sigma-
Aldrich

MQ100

2-(4,6-Diphenyl-1,3,5-triazin-2-yl)-5-
[(hexyl)oxy]-phenol

C27H27N3O2 UV-1577 Hydroxyphenyl
triazine

147315-50-2 Sigma-
Aldrich

MQ100

2,2′-(1,4-Phenylene)bis(4H-3,1-benzoxazin-
4-one)

C22H12N2O4 Cyasorb UV-
3638F

Benzoxazinone 18600-59-4 TCI +98%

Acetaldehyde
Scavenger

Anthranilamide C7H8N2O − Amide 88-68-6 Sigma-
Aldrich

+98%

Flame Retardant Triphenyl phosphate C18H15O4P TPhP Aromatic phosphate
ester

115-86-6 Sigma-
Aldrich

+99%

Dibromoneopentyl Glycol C5H10Br2O2 FR-522
(DBNPG)

Hydroxyl�
Brominated

3296-90-0 Sigma-
Aldrich

98%

Pigment 1,4-bis(p-tolylamino)anthraquinone C28H22N2O2 C.I. Solvent
Green 3

Anthraquinones 128-80-3 Sigma-
Aldrich

95%/
MQ200

Monomers Bis(2-Hydroxyethyl) terephthalate C12H14O6 BHET Terephthalate diol
ester

959-26-2 Sigma-
Aldrich

MQ100

Terephthalic acid C8H6O4 TPA Terephthalate 100-21-0 Sigma-
Aldrich

+98%

Dimethyl terephthalate C10H10O4 DMT Terephthalate 120-61-6 Sigma-
Aldrich

+99.0%

Solvents Ethylene glycol C2H6O2 EG diol 107-21-1 Sigma-
Aldrich

+99%

Water H2O − − 7732-18-5 Sigma-
Aldrich

HPLC
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=
w w

N

(log( ) log( ))ppm ppm est,exp. , .
2

(14)

3. EXPERIMENTAL PROCEDURES

3.1. Sample Preparation
To determine the maximum solubility, samples were prepared by
filling 40 mL screw-capped, clear glass N24 flat-bottom vials with
either water or ethylene glycol. Solutes, as listed in Table 1, were
gradually added until visible precipitation occurred, indicating
solubility limits. The vials were then placed in a thermal bath
equipped with a magnetic stirrer, using an IKA-MAG-HS7 heater-
stirrer plate. The solution temperature was controlled at 25 ± 0.1 °C
using an IKA-ETS-D5 temperature probe suspended in the bath. Each
mixture was stirred continuously for 7 days to ensure equilibrium, as
indicated by the presence of visible precipitations, and to allow
sufficient time to reach SLE in case the kinetics were slow. To prevent

degradation from light or oxygen exposure, the vials were filled to the
top and stored in a dark environment.

After equilibration, a 5 mL aliquot was withdrawn from each vial
and centrifuged at 7000 rpm for 10 min using a UNIVERSAL-320R
centrifuge. The temperature was controlled by an AD07R-20
refrigeration/heating bath (462−0226). This step removed suspended
particles without disturbing the SLE. The resulting supernatant was
then filtered through 0.1 μm PTFE syringe filters to remove any
remaining fine particulates, yielding a clear solution suitable for
further analysis. All postprocessing steps were performed in triplicate
on independent samples.

3.2. HPLC Analysis
To analyze the maximum solubility, an Agilent 1260 Infinity II HPLC
system (G7111B) equipped with an autosampler (G7129A) and a
photodiode array (PDA) detector (1260 DAD HS) was used.
Column temperature was maintained isothermally at 25 ± 0.5 °C
using a 1260-MCT column oven throughout the analysis. Method
conditions, including gradient parameters, PDA detection wave-
lengths, analytical column specifications, and corresponding retention

Figure 3. Evaluation of clustering performance using three metrics: SiS (Black), DBI (Red), CHI (Blue), and qualitatively selected cluster number
(dotted line, Green).
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times, are provided in Table S.2. The limits of detection (LOD) and
quantification (LOQ) were calculated based on the standard
deviation of the response and the slope of the calibration curve, as
described in eqs 15 and 16, respectively.53

= ×LOD
S

3.3
(15)

= ×LOQ
S

10
(16)

where σ is the standard deviation of calibration points and S is the
slope of the calibration curve.
3.3. DSC Analysis
Differential Scanning Calorimetry (DSC) was performed to obtain
calorimetric thermograms. A measured amount of the sample was
weighed using a KERN ABJ-NM/ABS-N analytical balance and press-
sealed in aluminum crucibles (Concavus, Netzsch). Thermal analysis
was performed using a NETZSCH 204 F1 DSC at a heating rate of 10
K/min. The enthalpy of fusion (ΔHfus) was determined from the area
under the melting peak, and the peak temperature of the melting
transition was recorded as the melting point (Tm) of the compound.

4. RESULTS AND DISCUSSION

4.1. Conformer Searching
Conformational sampling of plastic additives and monomers
(Table S.3) highlights the variability in molecular flexibility.
Rigid molecules such as methyl paraben, TPA, and DMT
yielded only a single conformer. Moderately flexible com-
pounds such as TPhP, UV-1577, and Chiguard-234 produced
between 5 and 9 conformers with average RMSDs between 2.6
and 3.1 Å, while more flexible compounds like Irganox 1010
(24 rotatable bonds) and Irganox 1330 (12 rotatable bonds)
generated a higher number of conformers (457 and 1000
structures, respectively) with average RMSDs of 6.5 Å and 4.7
Å.
As explained in the Section 2.1, the selection of the optimal

number of clusters (Figure 3), was performed by evaluating the
Silhouette Score (SiS), Davies-Bouldin Index (DBI), and
Calinski-Harabasz Index (CHI). Clustering evaluation was
initiated from two clusters upward to reduce the number of
conformers while retaining those with potentially different
interactions with solvents. A given cluster number was selected
when at least two of the three metrics showed consistent
behavior (i.e., local extrema or favorable trends), after which
representative conformers were extracted.
Using these criteria, four clusters were selected for Irganox

3114, where both SiS and DBI exhibited local extrema. For
Irganox 1010, four clusters were chosen because the SiS
reached a local maximum and the DBI reached a global
minimum, indicating compact and well-separated clusters. For
Irganox 1330, five clusters were selected based on a
pronounced increase in SiS and a concurrent decrease in
DBI, while the declining CHI suggested shorter distances
between cluster centroids. In the case of TPhP, four clusters
were deemed appropriate, as the DBI continued to decrease
from three to four clusters while the SiS remained stable. For
UV-1577, three clusters were selected based on alignment
between DBI and CHI. Finally, Chiguard-234 showed a global
maximum in both SiS and CHI at three clusters, accompanied
by a decrease in DBI, supporting this choice.29,32

The observation that some larger or more structurally
complex molecules yield fewer effective clusters can be
attributed to steric constraints. Highly branched structures
restrict the diversity of accessible conformations, leading to

fewer distinct clusterable geometries. This clustering approach
offers advantages, including computational efficiency and
explicit consideration of molecular geometry rather than
relying solely on conformer energies. However, it also has
limitations, as subtle differences in functional-group orientation
that may influence solubility can be overlooked. Such methods,
however, are not fully optimized and should be regarded as
semiqualitative, serving primarily as a practical strategy for
reducing conformer space while preserving major geometrical
variations relevant to solvation.
4.2. Comparing Experimental and Model Solubility
For the number of clusters selected, the solubility of each
representative conformer per cluster and their set was calculated
with three different basis sets and compared with the experimental
values (Table 2) and the estimated log-solubilities (above 1 × 10−3

ppm) are shown in Figure 4. As a general trend, higher
concentrations/solubilities show better agreement between predicted
and experimental values in both water and ethylene glycol. For
example, using the 6−311++G(d,p) basis set, DBNPG shows
moderate deviations (|Δlog(ppm)| = 0.51 in water and 0.64 in
ethylene glycol), while anthranilamide and BHET display larger
deviations in water (0.79 and 0.81, respectively) but smaller
deviations in ethylene glycol (0.36 and 0.41, respectively). In contrast,
methylparaben and TPhP showed the lowest deviations in ethylene
glycol (0.07 and 0.06, respectively) compared to the studied
compounds. COSMO-RS has been widely used to predict solids’
solubility, particularly for APIs, with typical RMSE values less than
±1.5 log units, commonly between ±0.5 and ±1.24,54−57 Deviations
exceeding ±1.5 log units mainly occurred for compounds with
solubilities below 100 ppm. This is valid for all 3 basis sets. For
depicted values in Figure 4, the 3−21+G(d) yielded a high RMSE of
2.12 log units due to poor treatment of heavy atoms and even failed to
optimize brominated compounds (e.g., FR-522). Instead, the 6−311+
+G(d,p) basis set required more optimization steps and job restarts,
particularly for large molecules, but this effort improved the accuracy
with an RMSE of 1.31 log units. However, deviations remained for
some of the poorly soluble compounds (e.g., UV-1577, C.I. Solvent
Green 03). The more flexible and computationally intensive option,
6−311++G(3df,3pd), showed similar trends. This basis set, achieved
a slightly better RMSE of 1.28 log units. However, it still struggled
with underestimation for additives containing heavier elements
(phosphorus in TPhP and bromine in FR-522 (DBNPG)).
Furthermore, while geometry optimizations converged efficiently,
frequency calculations for large molecules were typically prone to
restarts, such that for the Irganox 1010, did not reach a checkpoint
and therefore could not be completed.

Outliers were identified using modified Z-scores calculated across
all solvent-basis set combinations (Table S.4). Although a conven-
tional threshold of 3.5 is typically used, a more conservative threshold
of 103 was applied to account for the inherently wide variability in
solubility predictions among conformers, particularly for flexible, high-
molecular-weight molecules.25,58 The discrepancy observed for
Irganox 3114 (Conf. 3) at lower-level basis sets (Z = 2.11 × 103)
was resolved with higher-level methods, whereas Irganox 3114 (Conf.
1) and Irganox 1330 (Conf. 5) remained extreme outliers (Z > 1 ×
106) and were excluded from the set, likely due to suboptimal initial
geometries or inaccurate electronic structures. The SLE algorithm
failed for some Irganox 1330 conformers and all Irganox 1010
conformers, yielding “N/A” results due to COSMOtherm limitations
at extremely low solubility levels. Irganox 1010 also triggered frequent
errors, likely due to its very low solubility and complex electronic
structure associated with its large molecular size or the fact that the
parametrization in COSMO-RS has been limited to small and
medium-sized molecules.41,46

Although a greater number of rotatable bonds generally
corresponds to a more complex conformational space, Figure 5
shows that molecules with as few as two rotatable bonds can exhibit
inconsistent solubility predictions. This suggests that the size of
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fragments attached to rotatable bonds and the nature and number of
functional groups, such as hindered phenols or esters capable of
intramolecular hydrogen bonding, may have a larger influence.25,46

Improving conformer sampling by expanding the initial conformer
library, relaxing the RMSD pruning threshold, or employing clustering
algorithms that favor more clusters can enhance predictions for
solutes above 400 g/mol, though computational cost becomes
limiting.

In general, as can be seen in Figure 5, the lower-level basis set 3−
21+G(d) was more sensitive to molecular size and flexibility, whereas
higher-level sets (6−311++G(d,p) and 6−311++G(3df,3pd)) pro-
vided more consistent results, although occasional errors persisted for
the larger molecules.59 Traditionally, the minimum-energy conformer
has been the primary focus in conformer selection.60 COSMO-
derived conformer energies (Table S.6) decrease on average by 0.56%
from 3−21+G(d) to 6−311++G(d,p), with a negligible 0.007%
change when optimized at 6−311++G(3df,3pd). However, as
illustrated in Figure S.1, no consistent correlation exists between
gas-phase conformer energy and solubility prediction accuracy, within
each basis set. For larger molecules capable of intramolecular
hydrogen bonding, such as Irganox 3114 or Chiguard-234, higher-
energy conformers often yield more accurate results. Even small
molecules like DBNPG show improved predictions from their
highest-energy conformers in water and ethylene glycol.57 This
behavior reflects solvent-induced stabilization in polar solvents;
functional groups can reorient to optimize hydrogen bonding and
dipole interactions, resulting in conformations that are higher in
energy in the gas phase but better suited to the solvent environment.

4.3. Influence of Molecule Properties on Its Solubility

Overall, ethylene glycol provided higher solubility for plastic
additives and monomers compared to water. The solutes
display nonpolar regions, as indicated by peaks near σ = 0 in

their σ-profiles (−0.01 < σ < 0.01)61 (Figures S.2 and S.3),
which align more closely with the more nonpolar character of
ethylene glycol compared to water (Figure S.4). Ethylene
glycol can simultaneously engage polar functional groups
through hydrogen bonding and nonpolar moieties via van der
Waals interactions. Its bulkier, more flexible structure produces
a less rigid hydrogen-bonding network compared to water
(Figure S.5), facilitating the incorporation of solutes into the
solvent matrix.
In ethylene glycol, dibromoneopentyl glycol (DBNPG)

exhibits the highest solubility (41.6% w/w), consistent with its
σ-profile, which shows strong polar regions from hydroxyl
(−OH) groups and nonpolar regions enhanced by brominated
carbons (C−Br). Hydrogen bonding with EG’s (−OH) groups
and increased London dispersion forces contribute to its high
solubility, whereas interactions between DBNPG’s quaternary
carbon and EG’s methylene (−CH2−) units remain weak.
Methyl paraben (10.1% w/w), anthranilamide (9.37% w/w),
and BHET (3.32% w/w) display moderate solubility, driven by
hydrogen bonding between their polar functional groups, ester
carbonyl (C�O) and phenolic hydroxyl (−OH) in methyl
paraben, amide carbonyl (C�O) and ortho-amino (−NH2) in
anthranilamide, and ester carbonyl (C�O) and hydroxyl
(−OH) in BHET, and EG’s hydroxyls, along with van der
Waals interactions between their (partially) aromatic rings and
EG’s ethylene backbone. Triphenyl phosphate (TPhP, 1.63%
w/w) is less soluble; its phosphoryl oxygen (P�O) forms
hydrogen bonds with EG, but the three nonpolar phenyl rings
impede the solvation by ethylene glycol.

Figure 4. Log of solubilities (ppm) for studied compounds predicted using the 3−21+G(d), 6−311++G(d,p), and 6−311++G(3df,3pd) basis sets
paired with B3LYP versus experimental solubility at 25 °C for water (W) and ethylene glycol (EG). ±0.5 and ±1 log range indicated by green and
red bands, respectively. Data labels correspond to comp. ID in Table 2.

Figure 5. Comparing the accuracy of solubility estimations by COSMO-RS at 25 °C compared to the respective solutes’ molecular weight and
number of rotatable bonds (NRB) across all three basis sets.
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In water, dibromoneopentyl glycol (DBNPG) shows the
highest solubility (2.2% w/w), owing to its two hydroxyl
groups that form strong hydrogen bonds and its small,
compact structure, which minimizes the hydrophobic effect
of the bromomethyl groups. BHET (0.73% w/w), methyl
paraben (0.23% w/w), and anthranilamide (0.37% w/w)
exhibit relatively low solubility despite having polar functional
groups capable of hydrogen bonding. Their nonpolar aromatic
rings favor the formation of a stable crystal lattice, which water
cannot readily disrupt. The coexistence of polar and nonpolar
regions in these molecules results in poor solubility in water
compared to more compatible solvents, such as ethylene
glycol, where flexible methylene groups facilitate solute
incorporation.62 In general, the other additives and monomers
exhibited low solubility in water and ethylene glycol, which can
be attributed to the absence of hydrogen-bonding functional
groups or, more importantly, the steric shielding of such
groups by bulky nonpolar substituents.
COSMO-RS generally overestimates absolute solubilities for

compounds above 100 ppm in both water and ethylene glycol.
Furthermore, it has been demonstrated that COSMO-RS

overestimates the solubility of nonpolar compounds in polar
solvents by neglecting hydrophobic hydration entropy and the
disruption of hydrogen-bond networks (Figure 6).63,64 In
contrast, solubility is often underestimated for compounds
containing postsecond-row atoms, likely due to limitations in
quantum chemical calculations, which can underestimate
polarity, and the use of generalized, nonelement-specific
dispersion models that do not fully account for the enhanced
polarizability of these heavier atoms.41 For example, in the case
of triphenyl phosphate (TPhP), this effect is less pronounced:
the experimental solubility in ethylene glycol is 1.63% w/w,
while the predicted value is 1.43% w/w (using the 6−311+
+G(d,p) basis set). In contrast, the discrepancy is much higher
for DBNPG, which contains two heavy halogenated (C−Br)
bonds. Its experimental solubility in ethylene glycol is 41.6%
w/w, whereas COSMO-RS predicts only 9.48% w/w (using
the 6−311++G(d,p) basis set). Similar trends have been
observed in other studies.23,65 The highest absolute over-
estimation occurred with anthranilamide, which has an
experimental solubility of 9.37% w/w, but is predicted to be
21.6% w/w (6−311++G(d,p) basis set). This is likely due to

Figure 6. Comparing the accuracy of solubility estimations by COSMO-RS at 25 °C compared to the respective experimental water solubility
(hydrophilicity) across all three basis sets. Data labels correspond to comp. ID in Table 2.

Table 3. Comparison of Melting Points and Enthalpies of Fusion for Studied Compounds Obtained through DSC Analysis and
the QSPR Method Predictions, along with Respective Absolute Deviations and RMSEs

Component
Melting point
Exp. (°C)

Melting Point
(QSPR) (°C) |ΔT| (°C)

Enthalpy of Fusion
Exp. (kJ/mol)

NIST ref.
(kJ/mol)

Enthalpy of Fusion
(QSPR) (kJ/mol) |Δ (ΔHfus)| (kJ/mol)

Methyl Paraben 130.0 ± 0.7 151.2 21.3 26.3 ± 1.7 24.3 20.3 6.0
Irganox 1330 246.7 ± 0.5 225.5 21.2 56.3 ± 5.5 − 56.2 0.1
Irganox 1010 117.4 ± 0.7 146.3 28.9 70.0 ± 1.6 65.9 96.1 26.1
Irganox 3114 221.9 ± 0.5 214.4 7.5 60.4 ± 1.9 − 58.5 1.9
Chiguard-234 143.9 ± 1.1 N/Aa N/Aa 37.5 ± 1.9 − N/Aa −
UV-1577 154.0 ± 1.7 223.5 69.5 39.5 ± 2.8 − 53.5 14.0
Cyasorb UV-
3638F

317.1 ± 0.6 N/Aa N/Aa 51.4 ± 3.8 − N/Aa −

Anthranilamide 114.9 ± 0.2 164.3 49.6 21.4 ± 0.4 21.9 23.3 1.9
TPhP 54.4 ± 1.2 116.5 60.0 30.3 ± 1.0 29.6 33.2 2.9
FR-522
(DBNPG)

113.9 ± 3.0 88.2 25.7 26.5 ± 7.1 30.1 27.3 0.8

C.I. Solvent
Green 3

224.7 ± 0.3 236.6 11.9 28.9 ± 1.9 − 42.6 13.8

BHET 109.6 ± 0.5 116.1 6.5 34.0 ± 1.2 − 35.2 1.2
TPA 427.0 312.6 114.4 63.4 − 25.3 38.1
DMT 146.7 ± 0.9 104.5 42.2 31.5 ± 0.9 31.6 22.9 8.6
Overall RMSEb 48.6 14.9

aInvalid structures. b = y yRMSE ( )
n i calc
1

exp
2
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an inaccurate hydrogen bond geometry between the ortho-
amino group (−NH2) and the carbonyl oxygen (C�O) in the
input structure. Such an error can lead to an overestimation of
polarity. Additionally, this hydrogen bond site may be less
accessible to ethylene glycol due to steric hindrance, further
contributing to the discrepancy.
4.4. Need for Experimental Enthalpy of Fusion
Melting points and enthalpies of fusion obtained from DSC and the
QSPR method are summarized in Table 3. The predictions from the
QSPR method show an overall observed RMSE of 48.6 °C compared
to the experimental data for the melting point and 14.9 kJ/mol for the
enthalpy of fusion (Relative deviation provided in Table S.8), which is
in a similar order of magnitude compared to previous studies.48,49

However, according to a previous study, RMSEs of 22.43 and 35.26
°C in melting point lead to RMSEs of 1.20 and 2.13 in the natural log
unit of molar solubility, respectively.49 Predictions based on
experimental thermal data consistently outperform those using
modeled data across all basis sets. For example, the 3−21+G(d)
basis set yields an RMSE of 2.42, representing a 0.30 log-unit increase
relative to predictions using experimental data. Over the available
data, higher-level basis sets, 6−311++G(d,p) and 6−311++G-
(3df,3pd), still show an increase in RMSE of 0.23 and 0.13 log
units, respectively (Table S.7).

Therefore, COSMOquick’s QSPR predictions can serve as an
order-of-magnitude first estimation, but might not be preferred for
accurately predicting absolute solubility. These models are typically
trained on specific data sets with defined molecular descriptors
(values for the studied components are provided in Table S.9), which
makes predictions less reliable when descriptor values fall near the
edge, or outside, the model’s applicability domain. In some cases, such
as Chiguard-234 and Cyasorb UV3638−F, predictions failed,
probably due to issues with molecular fragmentation and the inability
to calculate descriptors for their fused-ring systems. Regarding
terephthalic acid, a PET monomer produced from hydrolysis, which
sublimes at approximately 402 °C, values from the ASPEN Plus
database differed from QSPR predictions by 114.4 °C for Tm, and
38.1 kJ/mol for ΔHfus.

Another potential source of deviation in COSMO-RS estimations is
related to the treatment of ΔCp. In the present work, the
approximation ΔCp ≈ 0 was adopted, which discards the last term
in eq 12 This simplification is commonly applied near the melting
point, but the solubility measurements considered here were
performed at 25 °C, which sits substantially below Tm for most
compounds studied. Consequently, the validity of this approximation
decreases as the gap between the melting point and the solubility
temperature grows.66−68 The absolute magnitude of the discarded
term is set by the solute alone, scaling with ΔSfus, and becomes larger
for compounds with high melting points and large fusion enthalpies.
Its impact on predicted solubility, however, depends on the balance
between ΔGfus and ΔGmixing in eq 8. In strongly favorable solvents,
where ΔGmixing is very negative and may dominate ΔGdissolution, the

dominant source of error is the COSMO-RS estimate of solute−
solvent interactions. However, when ΔGfus represents a substantial
fraction of ΔGdissolution, ignoring the ΔCp contribution may shift
predicted solubilities appreciably. As illustrated in Figure 7, deviations
from experimental solubility increase with higher melting points and
fusion enthalpies, highlighting limitations of the simplified ΔGfus
expression, particularly when Tm greatly exceeds the solubility
temperature.69 For compounds with ΔHfus > 40 kJ/mol and Tm >
150 °C, the accuracy of thermal data therefore becomes particularly
important for reliable room-temperature solubility predictions.

Based on the present data set, the workflow performs reliably
(RMSE ≲ 1 log unit) for compounds with molecular weight below
∼600 g/mol, fewer than ∼10 rotatable bonds, predicted solubility
above ∼100 ppm, and Tm within ∼150 K of the solubility
temperature. Outside these ranges, deviations grow systematically
along four directions: (i) at very low predicted solubilities (<100
ppm), where the COSMO-RS SLE algorithm approaches numerical
limits and weak long-range solute−solvent interactions gain weight;
(ii) for bulky, flexible molecules (MW > 600 g/mol, NRB > 10),
where the gas-phase minimum-energy conformer is no longer
sufficient and broader conformer sampling with explicit treatment of
intramolecular hydrogen bonding becomes necessary; (iii) for high-
melting compounds, where the ΔCp ≈ 0 simplification of ΔGfus
contributes additional deviation; and (iv) in the thermal inputs
themselves (Tm, ΔHfus), which are independent of COSMO-RS and
are governed by the auxiliary fusion equations. These regions are best
understood as targets for future improvement of the underlying
thermodynamic model rather than as hard operational limits of the
present workflow.

5. CONCLUSION
This study demonstrates the effectiveness of a combined
computational and experimental framework for predicting the
solubility of plastic additives and PET monomers in
depolymerization solvents. Accurate solubility prediction is
crucial for guiding efficient separation and purification
processes, particularly in light of the challenge of removing
diverse additives and contaminants. Solubility measurements
ranged from less than 1 ppm in water to 2.2 wt % and up to
41.6 wt % in ethylene glycol, providing a benchmark for
assessing quantum chemistry-based predictions. Systematic
conformer sampling emerged as a key factor in reliable
solubility predictions, with molecular flexibility, reflected in the
number and diversity of conformers, strongly influencing
results. Considering a broad set of conformers, combined with
outlier detection to remove unrealistic geometries, ensures
inclusion of relevant structures, particularly for complex and
high-molecular-weight additives such as antioxidants. The basis
set choice in quantum chemical optimization was also critical:
6−311++G(d,p) offered the best balance between accuracy

Figure 7. Comparing the accuracy of solubility estimations by COSMO-RS at 25 °C compared to the respective solutes’ melting point (°C) and
heat of fusion (kJ/mol).
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and computational cost, while 3−21+G(d) minimized
computational expense, and 6−311++G(3df,3pd) provided
only marginal gains in selected cases. COSMO-RS thermody-
namic modeling performed well for most compounds,
especially in ethylene glycol, but predictions were less reliable
for low-solubility, large, or structurally complex molecules.
For high-melting, stable crystals with large Gibbs free

energies of fusion, incorporating experimental thermal proper-
ties, including melting points and fusion enthalpies measured
by DSC, is recommended over QSPR estimates. In addition,
accounting for heat capacity differences (ΔCp) may further
improve solid−liquid equilibrium predictions. Overall, inte-
grating conformer sampling, quantum chemical methods,
thermodynamic modeling, and targeted experiments provides
an efficient and accurate framework to predict the order of
magnitude solubility of additives in depolymerization media,
thereby supporting the design of energy-efficient downstream
processes that advance more environmentally sustainable
chemical recycling of plastics.
A ±1 log unit error in solubility corresponds to

approximately an order-of-magnitude uncertainty in equili-
brium concentration. In process terms, this implies a similar
uncertainty in the solvent required to dissolve a given mass of
solute, or in the amount of material predicted to remain
dissolved during crystallization. The practical impact depends
on the operating regime. Quantifying these effects for specific
process configurations will require dedicated process-simu-
lation studies.
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