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ABSTRACT: Hansen solubility parameters (HSP) provide essential information on the nature of solvents, being a useful tool in their selection for product
and process design. In this work, linear models were developed to estimate HSP
based on the use of COSMO-RS (conductor-like screening model for realistic
solvents) descriptors. Hansen solubility parameters for 195 compounds were
obtained from the literature and classified into two categories: training set (133
compounds) and testing set (62 compounds). Then a factorial regression was
carried out to predict dispersion, hydrogen-bonding interaction, and polar
contribution of HSP (δD, δH, and δP, respectively) based on σ-moments and
energy COSMO-RS descriptors. The description of the dispersion contribution
was the least successful due to the low variability of the experimental data, despite the database containing compounds of a widely
different chemical nature. The models obtained proved to be more than simple mathematical equations since a physical meaning is
achieved when COSMO-RS descriptors are used. The models developed were then applied to the test database. An excellent
performance was observed, with δH showing the highest R2 (0.90), and the MAE obtained were 0.98, 1.74, and 1.44 MPa1/2 for δD,
δH, and δP, respectively, which are lower than those found in previous works. Finally, HSP data for caffeine, nicotine, paracetamol,
and D-camphor were estimated. The results were close to the literature data and those predictive by the HSPiP software. Moreover, it
was shown that δP and δH drive the molecules’ polarity, impacting their log Kow (a quantitative measure of polarity). This work shows
that COSMO-RS descriptors are a tool to predict HSP through linear models, opening new doors in the screening, design, and
selection of solvents to be used in chemical processes.

■

INTRODUCTION
Solvent selection is one of the most critical steps in chemical
product and process design.1 Besides water (the greenest and
safest solvent)2 and petroleum-based solvents, several alternatives have been proposed in the past few years, such as
biobased solvents,3,4 supercritical CO2,2,5 liquefied gases,6 ionic
liquids,7 and deep eutectic solvents (DES).2,7 Indeed, the
recent increase of the range of solvents available is a major
progress allowing the development of more sustainable
processes; however, the choice of the most suitable solvents
has been often carried out based on experimental screening.
Thus, tools to support solvent selection are required to identify
the best solvents rather than time-consuming and materialintensive trial-and-error approaches. There is still a gap in rapid
and effective methods to predict the ability of a solvent (or a
mixture of solvents), in particular, the most recent generation
of alternative solvents to be used to solubilize a given solute.
The empirical “like dissolves like” rule can be the first
approach to a solvent selection.8 However, it is necessary to go
further and define the “like” to have a quick and efficient
method for choosing suitable solvents. In line with this idea,
Hildebrand and Scott9 were the pioneers of introducing the
solubility parameter (δ) as a way to determine the affinity
between solute and solvent. The solubility parameter is defined
as the square root of the cohesive energy density
© XXXX American Chemical Society

= (E /V )1/2

(1)

where V is the molar volume of the pure solvent and E is its
energy of vaporization. However, δ was limited to molecular
interactions based on van der Waals forces. In order to
overcome this limitation, Hansen8,10 proposed an extension of
the unidimensional solubility parameter concept to a threedimensional approach. More specifically, Hansen improved
this concept through the development of a theory able to
describe the total energy of vaporization of a liquid based on
three individual energies: ED, (atomic) dispersion forces; EP
(molecular) permanent dipole-permanent dipole force; and,
EH (molecular) hydrogen bonding. Dividing the individual
contribution by the molar volume gives the respective Hansen
cohesion energy parameters, eq 2:
E
ET
E
E
= D + P + H
V
V
V
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(2)
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Considering that δ was defined by eq 1, the square of the
total Hansen solubility parameter can be defined as the sum of
the squares of the Hansen individual components, eq 3:
2
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and achieving better calculation accuracy. These works show
relevant and promising results in the prediction of the threedimensional HSP, mainly when COSMO-RS is applied, but are
usually based on nonlinear methods, such as artificial neural
networks, that are difficult to interpret and can only be used in
one direction, i.e., used to predict HSP but cannot be readily
used to design a solvent with a given HSP. Therefore, the
development of a simple and effective predictive model for
HSP, that can be used in both directions, remains a challenge.
The COSMO-RS theory is an effective way to link the
molecular and the thermodynamic levels.22,23 This quantum
chemistry-based thermodynamic model is a variant of the
dielectric continuum solvation modes, which considers the
molecular surface’s screening charge densities (σ) to calculate
molecular interactions.19 It has been shown that COSMO-RS
descriptors tend to be excellent regressors relating some
important material characteristics to molecular properties.19,24
COSMO-RS theory has been applied to deduce the Abraham
solute parameters25 and the solvatochromic response of
Reichardt’s dye.26 The outputs of this model, like misfit and
van der Waals interaction energies, moment hydrogen bond
donor, and moment hydrogen bond acceptor, can be
correlated to other solubility scales, such as Kamlet−
Taft.27−29 Kundu et al.30 developed predictive models of
acidity (α) and basicity (β) Kamlet−Taf parameters of DES.
Moreover, Wojeicchowski et al.31 used COSMO-RS regressors
to predict α, β, and dipolarity/polarizability (π*) for organic
and DES. Thus, COSMO-RS descriptors seem to be excellent
regressors, allowing the development of simple linear
predictive correlation models to estimate molecular properties.
Considering the need for simple, rapid, and efficient
predictive methodologies to determine HSP, a predictive
methodology using COSMO-RS descriptors is developed in
this work to estimate HSP, based on linear models with
physical meaning. For that, this work was divided into three
steps. First, linear correlations are developed using only a part
of the compounds taken from the literature (133 from 195
compounds). Then the methodology is tested on the
remaining 62 compounds to demonstrate its applicability.
Finally, the prediction models of the solubility parameters
developed in this work and the typical software HSPiP will be
compared in the estimation of HSP of caffeine, nicotine,
paracetamol, and D-camphor.

(3)

The three-dimensional Hansen solubility scale provides
information on the relative strengths of solvents, allowing the
identification of the most suitable solvents to dissolve a specific
solute where the distance between a solute i and a solvent j,
“distance” Ra, depends on their respective solubility parameter
components (eq 4):8,11
Ra =

4(
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(4)

Equation 4 was developed from experimental data where the
constant “4” correctly represents the solubility data as a sphere
encompassing the good solvents.11 Thus, this solubility sphere
is defined as the zone of solvent−solute solubilization, and the
radius of the sphere is named as “interaction radius” R0.
Combining Ra and R0, the relative energy difference (RED) is
obtained and could be expressed as
RED = R a /R 0

Article

(5)

The RED values reveal the ability of a solvent in the
solubilization of a solute. In other words, RED ≤ 1 indicates
high affinity and RED > 1 low affinity between a given solute−
solvent. However, it should be kept in mind that R0 is based on
experimental data resulting from the observation of the
interaction between studied solutes and known solvents and
thus can only be used when solubility experiments can be
performed.
HSP has been demonstrated to be a key tool in the selection
of the most promising solvents, being thus used in a wide range
of solubility applications, such as pharmaceutical and chemical
industries,12,13 materials,14 agricultural and food science,8,15
and dentistry.16 Due to the broad applicability of HSP, both
experimental and theoretical methods for estimating these
parameters have been proposed. HSP calculated through an
equation of state17 derived from statistical thermodynamics, or
using a group contribution method,18 are probably the most
popular. Nevertheless, although the definition of the solubility
parameters is simple, their experimental determination is not
always easy, especially for nonvolatile compounds. Moreover,
the experimental determination of the HSP requires pure
materials and is generally expensive. Along this line, software
like HSPiP make easier the selection of an extraction solvent
and the HSP predictions from hundreds of compounds
(https://www.hansen-solubility.com/HSPiP/). However,
some limitations in the HSP simulation can be found,
especially for solvents with large molecules or complex
multicomponent systems, since the group contribution
methods require the knowledge of all chemical group
contributions, which is difficult, especially for alternative
solvents (e.g., ionic liquids) or even mixtures involving strong
molecular association (e.g., DES).19 Dallos and co-workers19 in
2011 proposed a quantitative structure−property relationship
(QSPR) multivariate model based on artificial neural network
(ANN) to predict the three-dimensional HSP using COSMORS (conductor-like screening model for realistic solvents) σmoment descriptors. In a similar line, Panayiotou et al.20 and
Niederquell et al.21 also demonstrated that COSMO-RS
combined with other approaches (such as QSPR) for the
calculation of the HSP allows for broadening the application

■

METHODS
Training and Testing Sets of Molecules with HSP
Data. A training/testing set of 195 compounds (Table S1,
Supporting Information) was selected from the literature. It
presents compounds with a wide range of chemistries with δD
values ranging from 7.3 to 24.7 MPa1/2, δH from 0 to 21.4
MPa1/2, and δP from 0 to 42 MPa1/2. It is important to work
with this kind of diversity/quantity of data to develop
modeling equations.
COSMO-RS. As previously introduced, this thermodynamic
model provides several descriptors and outputs regarding the
interaction ability of the molecules, with valuable physical
meaning, to be explored in the prediction of molecular
properties.19,24 Molecules are considered as a group of surface
segments, and each segment has a particular screening charge.
To estimate thermodynamic quantities, COSMO-RS relies on
pairwise interactions between each segment pair. However,
first, the individual molecules’ geometry and charge density
must be optimized. In this work, each molecule was optimized
B
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Figure 1. Experimental (δDexp) vs predicted (δDpred) values of dispersion HSP parameter, using correlations developed in this work, for the training
(left) and testing (right). Dashed lines are the 95% prediction (blue) and confidence (red) intervals.
d

d

■

using the COSMO-BP-TZVP template of the TmoleX
software package32 (interface of TURBOMOLE), which
includes a def-TZVP basis set, DFT with the B-P83 functional
level of theory, and the COSMO solvation model (infinite
permittivity). All COSMO-RS calculations were performed
using the software COSMOtherm33 with the
BP_TZVP_C30_19.ctd parametrization, using the files
“.cosmo” generated after the geometry optimization. Some of
the σ-moments provided by COSMO-RS were selected as
regressors to be applied in the modeling step, and the complete
list is available in the Supporting Information (Table S2).
Factorial Regression. A factorial regression allows the
analysis of the high-order interactive effects of multiple
regressors. Considering the complexity of HSP modeling,
especially using linear models,19 the use of a factorial
regression may be a good option, since the interaction
between regressors improves the models’ performance. Thus,
δD, δH, and δP were the dependent variables, while MXi were the
regressors provided by COSMO-RS, where MXi is the ith σmoment (9 in all). According to Klamt et al.,34 some of the σmoments have a simple physical meaning. MX0 is the total
surface area of the molecule X. The first-order σ-moment is the
total COSMO polarization charge on the surface. Note that
these variables were well correlated to essential properties,
such as log Kow (octanol−water partition coefficient) working
as QSPR or QSAR (quantitative structure−activity relationship) descriptors.34 The building of models was based on the
stepwise forward method, which starts with an empty model
and the variables are added one by one, according to the
statistical criteria of significance (p < 0.05), using Statistica 14
(TIBCO Software, Inc., 2020). Note that the data set was split
into a training set (133 compounds) used to develop the
models and a and testing set (62 compounds) for validation.
The models were statistically evaluated by the squared
correlation coefficient (R2) of the experimental versus fitted
or predicted values, mean absolute error (MAE), and mean
relative error (MRE), according to eqs 6 and 7, respectively:
MAE =

MRE =

1
N
1
N

N

|

i , j ,predicted

i , j ,experimental|

(6)

i=1
N

i=1

|

i , j ,predicted

i , j ,experimental|

i , j ,experimental

RESULTS AND DISCUSSION

Hansen solubility parameters of 195 compounds were obtained
from the literature19,35−40 (Table S1, Supporting Information).
From this data set, 133 compounds were used as a training set
to develop the models, and the remaining 62 became the
testing set. A COSMO-RS descriptors database (Table S2,
Supporting Information) was created based on these
molecules, with the MXi parameters, besides EvdW, EMF, EHB,
and Eint, i.e., van der Waals, misfit, hydrogen bonding, and
interaction energies. Some of these energy descriptors were
previously used in the development of predictive correlation
models, such as in the estimation of the Kamlet−Taft
parameters for organic solvents, ionic liquids, and deep
eutectic solvents.31,41,42 COSMO-RS treats the molecules as
a group of surface segments with a particular screening charge.
Since this thermodynamic model relies on pairwise interactions, the parameters can quantify the specific interaction
abilities of the molecules. Some of the MXi parameters have a
clear physical meaning, for example MX2 is highly correlated
with the total COSMO polarization energy; i.e., it is a measure
of the overall ability of the solute to interact electrostatically
with a polarizable continuum.43 MX3 , in turn, indicates a kind of
skewness of the σ-profile of compound X, while MXHba3 and
MXHbd3 represent the acceptor and donor function, respectively.19,43 Eint is the interaction enthalpy of the compound,
which is separated into different contributions arising from
electrostatic misfit (EMF), hydrogen bonding (EHB), and van
der Waals interactions (EvdW). Note that Eint may not be the
sum of the mentioned contributions, especially when using
conformers. The COSMO-RS descriptors chosen to correlate
the Hansen parameters in this work were: surface area (area),
MX2 , MX3 , MX5 , MXHba3, MXHbd3, Eint, EvdW, EMF, and EHB.
Modeling of δD. Considering the difficulties of developing
linear HSP models, as related by Járvas and co-workers,19 in
this work a factorial regression was used. Despite being a linear
regression, it considers the interaction between the factors,
which could improve the models performance. Note that from
the entire data set the dispersion parameter shows a specific
characteristic with a mean of measured δD equal to 17.47 ±
2.56 MPa1/2, which indicates a low coefficient of variation of
the experimental data (ratio of the standard deviation to the
mean). Thus, since there is a wide dispersion of COSMO-RS
descriptor values but a low variability of δD, its modeling is
difficult. After some preliminary tests, the area, MX2 , MX5 , MXHba3,
MXHbd3, Eint, EvdW, EMF, and EHB were selected as independent
parameters on the δD factorial regression. Using these nine
initial parameters on the factorial regression resulted in 511

(7)

where i = 1, ..., N, where N is the number of cases, and j = D, P,
or H, which means one of the Hansen parameters under
analysis.
C
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Table 1. Adjusted Coefficients for δD, δP, and δH Models Based on Training Dataset and t-Values of the Estimated Parameters
δD

coefficients of the parameters

−1.220
2.903
1.446
8.993
2.081
9.456
3.199
1.135
−2.564
1.312
1.09
0.02
0.51

x1
x2
x3
x4
x5
x6
x7
x8
x9
x10
MAE (MPa1/2)
MRE
R2

×
×
×
×
×
×
×
×
×
×

δD t-value
1000
1000
1000
10−01
10−01
10−02
10−03
10−05
10−04
1001

δP

−4.35
8.14
4.18
2.86
4.98
2.34
3.57
3.10
−2.44
11.27

−8.376
1.624
1.264
8.259
1.280
1.300

δP t-value

×
×
×
×
×
×

10−02
10−01
1000
10−02
10−01
1001

1.78
0.44
0.77

−9.47
16.88
6.90
6.86
9.28
10.09

δH
−2.116
5.608
−3.457
8.302
1.397
4.561
4.655

×
×
×
×
×
×
×

δH t-value
10−02
10−02
1000
10−03
10−02
10−06
1000

−3.76
4.49
−12.89
5.66
9.97
3.77
5.06

2.01
0.21
0.84

Figure 2. Experimental (δPexp) vs predicted (δPpred) values of dispersion HSP parameter, using correlations developed in this work, for the training
(left) and testing (right). Dashed lines are the 95% prediction (blue) and confidence (red) intervals.
d

d

0 to 21.4 MPa1/2. This could be positive in this modeling
approach because COSMO-RS descriptors can be properly
correlated to δP. For example, when δP is relatively high, MX2
increases. Initially, area, MX2 , MXHba3, MXHbd3, Eint, EvdW, EMF and,
EHB were selected as independent parameters on the δP
factorial regression. As expected, the eq 9 obtained to estimate
δP was simpler in comparison to δD model. Of the 256
calculated effects, only five were statistically significant, besides
the intercept, as confirmed by the Pareto chart (Figure S2,
Supporting Information). An R2 equal to 0.77 was achieved for
the training set, as presented in Table 1 and depicted in Figure
2 (left).

evaluated effects, including all levels of linear combinatorial
effect. Just nine effects should be considered according to the
Pareto chart (Figure S1) (Supporting Information), since they
are statistically significant factors (p < 0.05) for δD modeling,
besides the intercept effect.
Figure 1 shows the regression for both training (left) and
testing (right). Predicted δD obtained for the training set
indicates that most of the data were inside the prediction
interval. The outliers were not removed at this time, resulting
in a determination coefficient (R2) equal to 0.51, as shown in
Table 1, which also reveals the fitted coefficients of eq 8. This
equation was applied to the testing database, resulting in
Figure 1 (right).

P

D = x1Eint + x 2E MF + x3E HB + x4EvdW + x5MHba3MHbd3

+ x6

+ x6MHbd3E vdW + x 7E vdW M5X + x8areaM 2X EvdW
+ x 9MHba3E vdW M5X + x10

= x1area + x2 M 2X + x3Eint + x4EintMHbd3 + x5EintE vdW
(9)

It was clear how spread the data are in Figure 2, indicating
the high variability previously mentioned. Figure 2 (right)
shows the results of testing data with a Pearson correlation,
between experimental and predicted, equal to 0.88, after
removing the outliers, with an MAE value of 1.74 MPa1/2 and
MRE equal to 0.93 (Table S3, Supporting Information). Other
works also obtained better R2 values for δP than δD, followed by
lower δD MAE errors.19,44,45 Note that the classification of
testing and training points were the same for all Hansen
solubility parameters, and it was made randomly through
Statistica 14 software. Since COSMO-RS is a thermodynamic
model based on quantum chemistry, its descriptors allow the
construction of physically meaningful models. From Figure S2
and Table 1 (δP t-value) it is possible to note that MX2 is the

(8)

Moreover, this validation was also done without considering
the outliers, and R2 was equal to 0.68, with a MAE value of
0.98 MPa1/2 and MRE value of 0.06 (Table S3, Supporting
Information). As discussed before, due to the low variability of
dispersion data, the fair performance of this model was
expected. Anyway, a straight Pearson correlation (r) between
experimental and estimated data was shown, around 0.82,
which is considered high.
Modeling of δP. The Hansen polar solubility parameter
data set showed higher variability in comparison to δD. The
mean value of δP was 6.15 ± 4.67 MPa1/2, indicating a
coefficient of variation equal to 76%, with values ranging from
D
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Figure 3. Experimental (δHexp) vs predicted (δHpred) values of dispersion HSP parameter, using correlations developed in this work, for the training
(left) and testing (right). Dashed lines are the 95% prediction (blue) and confidence (red) intervals.
d

d

most important factor to explain δP, although the coefficient
associated with it was not the highest. Thus, since δP is related
to polar interaction, this high correlation to MX2 makes sense,
that is, the ability of “X” to interact electrostatically with a
polarizable media. In other words, the higher the MX2 the
higher is δP. Besides that, MX2 was not an effect when modeling
δD, which is a Hansen parameter associated with nonpolar
interaction. It means that, even though initially MX2 was
available to be a part of the predictive model for δD, its absence
of physical meaning to δD was captured by the statistical
analysis, which indicated MX2 , and its individual contribution
and combinatorial contribution to the other effects, were, in
fact, not significant (p > 0.05).
Modeling of δH. As observed in the δP, Hansen hydrogen
bonding data present high variability, ranging from 0 to 42.3
MPa1/2. Despite the high extreme value, its mean was 7.42 ±
7.25 MPa1/2, which represents the highest coefficient of
variation, 102%. Thus, based on our achievements on the other
Hansen parameters, we expected a high correlation between
COSMO-RS descriptors and δH, due to the variability of both
dependent and independent variables. Nevertheless, this is not
a general rule. In this study, according to Table S4 (Supporting
Information), δH exhibited the most statistically significant
correlation (positive and negative) to the selected COSMO-RS
descriptors. On the other hand, the Pearson correlation
between δD and the descriptors were not as good as those
from δH and δP. This supports the lower R2 values when
predicting the dispersion contribution on HSP. Moreover,
Table S4 revealed an important insight, i.e., some individual
factors, such as MHbac3 and MHbd3 are not significant to δD.
However, their combination MHbac3 and MHbd3 were statistically relevant on factorial regression, which had a positive effect
on the prediction of δD (Table 1 and Figure S1 in the
Supporting Information). It means that, even though an
individual independent variable is not correlated to a variable,
such as δD, its combination with other variables can become
relevant.
After some initial tests, area, MX2 , MX3 , MX5 , MXHba3, MXHbd3, and
EHB were selected as independent parameters on the δH
factorial regression, resulting in 126 evaluated effects. The
Pareto chart (Figure S3, Supporting Information) and Table 1
(δH t-value) showed that on the model prediction of δH only
six parameters were statistically significant, besides the
intercept (eq 10). Moreover, the coefficient of EHB was the
most significant effect and its value is negative (−3.46). Note
that the negative signal of this coefficient does not mean a

negative impact on the dependent variable because EHB is also
negative. The obtained R2 value for the training data set
(Figure 3, left) was 0.84. For the testing set, R2 was greater,
0.90, after removal of the outliers, with an MRE equal to 0.62
and an MAE value of 1.44 MPa1/2. These results indicated a
good performance of the proposed model for the correlation
between COSMO-RS descriptors and Hansen hydrogen
bonding solubility parameter.
H

= x1area + x2 M 2X + x3E HB + x4 M 2X MHba3 + x5areaE HB
+ x6 M3X M5X MHba3E HB + x 7

(10)

After predicting δD, δP, and δH the square of the total
solubility parameter was estimated through eq 3, and the
results are depicted in Figure 4. The majority of the predicted

Figure 4. Experimental (δ2Texp) vs predicted (δ2Tpred) values of dispersion
HSP parameter, using correlations developed in this work, for the
testing. Dashed lines are the 95% prediction (blue) and confidence
(red) intervals.
d

d

δ2T were between the prediction lines, indicating a good
description (R2 = 0.71) of the developed HSP models. The R2
has this value due to the performance on the estimation of δD
(δ2D) as discussed previously. In summary, a simple way to
correlate HSP with COSMO-RS descriptors was demonstrated
by using linear models based on factorial regression. Moreover,
most of the estimated values were close to or within the
experimental error associated with the determination of
solubility parameters, as shown in Table S3 (Supporting
Information).
E
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A simple comparison of the estimation errors of the results
obtained in this work and other HSP prediction methods was
carried out. Járvas et al.19 obtained 1.37, 1.85, and 2.58 MPa1/2
as errors for δD, δP, and δH, respectively. Using a similar (about
62% of common data), but bigger, data set, this work resulted
in lower deviations, 0.98, 1.74, and 1.44 MPa1/2 for δD, δP, and
δH, respectively (Table S3). Indeed, the models developed in
this work achieved better performance than similar works
found in the literature,17,44,45 which further highlight our
approach.
Estimation of HSP for Different Solutes. According to
the “like-dissolve-like” rule, different compounds with similar
HSP values mean should have a certain degree of affinity. This
principle could be verified through eqs 4 and 5. Considering a
minimal difference between i and j, Ra tends to a minimum
value, and thus, RED results in ≪1, which means high affinity.
Based on this, a three-dimensional plot was made in order to
compare the solubility power of the 195 studied compounds
(circles) with four solutes (stars), namely: caffeine, nicotine,
paracetamol, and D-camphor; see Figure 5. The model solutes

Article

HSP of 195 compounds (data) were grouped according to
their classification of the log Kow discussed above.
First, the polar solvents (orange circles, with log Kow < 0) are
concentrated in a specific range of HSP values, where caffeine
and paracetamol are inside them. These results are in
agreement with the log Kow of these solutes, with caffeine
(−0.07) being more hydrophilic than paracetamol (0.58). On
the other hand, nicotine and camphor are far from the other
two solutes and close to a more lipophilic zone (yellow and
light gray circles). Thus, it means that to solubilize d-camphor
a hydrophobic solvent should be applied, including some of the
more apolar ones (log Kow > 4.5). This simple analysis allows
an initial guess about solute−solvent affinity. Moreover, the
results of log Kow are aligned to HSP data, indicating that δP
and δH drive the molecules’ polarity. The prediction obtained
by this work was close to the results from the HSPiP database
and also predicted by the “DIY- HSPiP” tool, Table S5.

■

CONCLUSION
Previous works reported the difficulties of modeling HSP
through linear regression. However, in this work, linear models
were obtained using a factorial regression approach based on
the predictive power of COSMO-RS. This quantum-based
thermodynamic model provided σ-moments and energy
descriptors, resulting in correlation models to predict HSP,
with satisfactory adjustments and high physical meaning. The
determination coefficient (R2) for the training models were
equal to 0.51, 0.77, and 0.84 for δD, δH, and δP, respectively.
The obtained mean absolute errors (MAE) were similar to
those found in previous works. A very good performance was
observed in the testing set after removal of the outliers. The
MAE were 0.98, 1.74, and 1.44 MPa1/2 for δD, δH, and δP,
respectively. Finally, HSP data for important solutes for
chemical and pharmaceutical industries caffeine were estimated. The results were close to the literature data and those
predictive by the HSPiP software. Moreover, it was shown that
δP and δH drive the molecules polarity, impacting their log Kow.
This work demonstrated the potential to combine the
predictive power of COSMO-RS and HSP, providing simple
linear correlation models, which can be applied in the
screening, design, and selection of solvents to be used in
chemical processes.

Figure 5. Experimental HSP data (circles) and predicted (stars)
according to the following classification: log Kow < 0 (orange circle); 0
< log Kow < 2 (yellow circle); 2 < log Kow < 4.5 (gray circle), log Kow >
4.5 (green circle), caffeine (pink star), nicotine (dark blue star),
paracetamol (light blue star), and D-camphor (red star).

■

were selected due to their importance to the chemical and
pharmaceutical industries.46−53 For the estimation of their
HSP, the models developed in this work were used. Regarding
the compounds, they were grouped taking into account their
polarity level according to log Kow values (a quantitative
measure of solvent polarity); i.e., different colors mean
different polarity levels. log Kow values are usually between
−3 (very hydrophilic) and +10 (extremely hydrophobic).54
Furthermore, this property is quite important for predicting
the distribution in the environment (water, soil, biota, etc.),
e.g., chemicals with high log Kow (>4.5) raise more concerns
because they may have the potential to bioconcentrate in living
organisms, which may induce toxicity.55 Along this line, Veeger
and co-workers56 developed a general rule, where the efficiency
of biocatalysis in organic solvents is low for compounds with
log Kow < 2, moderate for compounds with 2 < log Kow < 4.5,
and high for compounds log Kow > 4.5. Thus, in Figure 5, the
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(12) Petříková, E.; Patera, J.; Gorlová, O. Influence of Active
Pharmaceutical Ingredient Structures on Hansen Solubility Parameters. Eur. J. Pharm. Sci. 2021, 167, 106016.
(13) Yu, S.; Sharma, R.; Morose, G.; Nagarajan, R. Identifying
Sustainable Alternatives to Dimethyl Formamide for Coating
Applications Using Hansen Solubility Parameters. J. Clean. Prod.
2021, 322, 129011.
(14) Gao, M.; Zhang, Z.; Zhang, W.; Cao, Q.; Tang, Z.; Zhao, W.
Understanding the Top-down Fragmentation of 2D Material in
Miscible Liquid Environment Based on Hansen Solubility Parameters
Theory. FlatChem. 2022, 32, 100346.
(15) Terrell, E. Estimation of Hansen Solubility Parameters with
Regularized Regression for Biomass Conversion Products: An
Application of Adaptable Group Contribution. Chem. Eng. Sci.
2022, 248, 117184.
(16) Toledano, M.; Vallecillo-Rivas, M.; Aguilera, F. S.; Osorio, M.
T.; Osorio, E.; Osorio, R. Polymeric Zinc-Doped Nanoparticles for
High Performance in Restorative Dentistry. J. Dent. 2021, 107,
103616.
(17) Stefanis, E.; Tsivintzelis, I.; Panayiotou, C. The Partial
Solubility Parameters: An Equation-of-State Approach. Fluid Phase
Equilib. 2006, 240 (2), 144−154.
(18) Stefanis, E.; Panayiotou, C. A New Expanded Solubility
Parameter Approach. Int. J. Pharm. 2012, 426 (1−2), 29−43.
(19) Járvás, G.; Quellet, C.; Dallos, A. Estimation of Hansen
Solubility Parameters Using Multivariate Nonlinear QSPR Modeling
with COSMO Screening Charge Density Moments. Fluid Phase
Equilib. 2011, 309 (1), 8−14.
(20) Panayiotou, C. Equation-of-State Models and Quantum
Mechanics Calculations. Ind. &amp; Eng. Chem. Res. 2003, 42 (7),
1495−1507.
(21) Niederquell, A.; Wyttenbach, N.; Kuentz, M. New Prediction
Methods for Solubility Parameters Based on Molecular Sigma Profiles
Using Pharmaceutical Materials. Int. J. Pharm. 2018, 546 (1−2), 137−
144.
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