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Abstract
The prediction of physicochemical parameters of novel compounds and their blends is an emerging problem
in chemical nanoengineering, especially in the fields of fine chemicals and specialty polymers. Hansen
solubility parameters in practice (HSPiP) software enables one to get valuable data from the known chemical
structure on the basis of appropriate, standardized experiment, e.g. dissolution or swelling in a particular
set of solvents. Herein we present a brief description of the recent applications of HSPiP software,
supported by experimental and theoretical methods, including machine learning clusterization, aimed to
solve technological and engineering issues. The present contribution aims to show the combined way of
solvent clusterization for HSPiP studies for the determination of solubility parameters for novel surfactants,
polymer blending toward drug nanocarriers as well as design of silicone-based polymer nanomatrix. The
examples comprise the recent contribution of the groups’ research, previously published or studied in current
projects of our groups.

Keywords
Hansen solubility parameter, clustering, solvent selection, rationale nanoparticles, surface functionalization

1. INTRODUCTION

There is a great demand for prediction and description of sol-
ubility in chemical nanoengineering, especially in the fields of
solvent selection for particular applications, design of polymer
blends as well as surface science, including novel amphiphatic
compound use toward solubilization and interfacial adsorption.
In the field of process engineering, the question if the designed
system really constitutes the optimal one is crucial. Therefore,
any experimental findings must be supported with appropri-
ate theoretical explanations. The previously indicated issues
comprise the emerging ones, since there is a great demand
for novel, more environmentally friendly, solvents (Milescu et
al., 2020; Yu et al., 2021) and macromolecular nanomaterials,
including nanocomposites, (Qin et al., 2019) as well as new
reaction media (Kobayashi et al., 2020; Wieneke et al., 2012;
Zhu et al. 2019) and surface modifiers (Barry et al., 2017).
Different theories may not be comparable with each other,
therefore there is a great demand for a systematic model, com-
bining the possibly largest number of compounds, parameters
and applications. One of the most general systems, based
on the concept of solubility parameter by Hansen and group
increment approaches, is HSPiP (Hansen solubility parameter
in practice) software developed by Dr. Abbott, Dr. Hansen

and Dr. Yamamoto in 2009 (Abbott et al., 2020). Nowadays,
it enables to predict not only the solubility parameter (‹) and
its components, but also a large number of properties, includ-
ing phase transition temperatures/enthalpies, dependence on
mass solubilities, on temperature, flash point, partition coef-
ficient and viscosity. The great potential of HSPiP is based
on group increment methods enabling to estimate them for
any structure given in SMILES notation. On the other hand,
the significant drawback of HSPiP driven calculations is lack
of possibility to estimate ionic interactions. Therefore, the
basic software is practically useless for numerous compounds,
e.g. organic salts like some surfactants or ionic liquids, metal
complexes or amphotheric organics/inner salts (Kobayashi
et al., 2020; Wieneke et al., 2012; Zhang et al., 2024; Zhu
et al. 2019). Such drawbacks may be overcome by an ap-
propriate combination of the software and other supporting
methodologies, like conductometry in the case of organic-
borne electrolytes (Kobayashi et al., 2020).

The use of predictive and simulative approaches is particularly
attractive in the field of fine and specialty chemicals, due to
a large amount of, mostly novel or even only theoretically
described, various chemicals to be handled, high cost of the
synthesis, demanding as low as possible experimental effort
as well as the need for safer alternatives, especially for health
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and agriculture applications (Ash and Ash, 2009; Ciriminna et
al., 2024; Ledakowicz et al., 2024; Pollak, 2011; Szczęsna et
al., 2022; Warszyński et al., 2022; Zhou and Metivier, 2023).
High potential of HSPiP based methodologies is supported
by computability with modern approaches as Quality by De-
sign (QbD) and Quantitative Structure Activity Relationship
(QSAR), enabling to identify critical parameters with the
most significant impact on the desired output over product’s
lifecycle (Hussain et al., 2023b; Patil et al., 2024). Such
possibilities, most commonly applied in pharmaceutical indus-
try, may constitute a part of Process Analytical Technology
(PAT) approaches, enabling the design of whole processes in
chemical engineering with the crucial significance on product
quality (Gerzona et al., 2022).

Herein, we explain the usefulness of HSPiP software,
combined with different experimental (e.g. contact angle
measurements, solubility, conductivity and thermal behavior)
and theoretical (e.g. molecular modeling, machine learning
clustering algorithms) methods, in solving various emerging
technological and engineering problems. Our review is
supported by the recent contribution of the groups’ research
on Hansen solubility parameter determination for new
multicharge surfactants as crucial building blocks for
nanoparticles fabrication, polymer blends for drug delivery
nanosystems as well as silicone-based host nanomaterials
for phthalocyanine-type derivatives, supported by machine
learning approaches toward solvent selection.

2. THE BACKGROUND OF HSPIP

2.1. Hansen solubility sphere

In order to improve the original concept of cohesive forces
and Hildebrand solubility parameter (‹), known also as total
solubility parameter, the separate numbers, distinguishing
dispersion (‹D), polar (‹P) and hydrogen bonding (‹H) forces
have been introduced (Abbott et al., 2020; Hansen, 2000; van
Krevelen, 2009). It should be emphasized that each increment
represents particular, well-known interactions: ‹D – represents,
in general, van der Waals interactions, the dominating force in
most interactions; ‹P– electrical attractions arising from dipole
moments, existing in the major fraction of well-known organic
chemicals (except for some hydrocarbons and perfluorated
compounds) as well as ‹H – a specific type of polar interac-
tions, distinguished due to scientific importance for electron
exchange processes. Since the fourth type of interactions –
ionic forces – constitute, mostly, the domain of aqueous en-
vironments and some crystals, the introduction of the fourth
parameter does not seem to be useful. Moreover, the division
of energy types in aqueous systems is still undergoing fur-
ther research, leading to its better understanding. Therefore,
Hansen solubility theory is practical for systems that do not
involve significant amounts of water and there is a need to
treat this solvent cautiously. The total solubility parameter for

a particular substance is composed of dispersion, polar and
hydrogen bonding increments given by the simple equation:

‹ =

q
‹2D+‹2P+‹2H (1)

The distance (∆‹) between two substances (subscripts 1
and 2) should be given by the geometrical distance between
two points if the influence of each parameter (‹D, ‹P and
‹H) was equal:

∆‹ =

q
(‹D2 − ‹D1)2 + (‹P2 − ‹P1)2 + (‹H2 − ‹H1)2 (2)

In fact, the influence of each component should be
appropriately weighted, so the actual formula is:

(∆‹)2 = 4 (‹D2 − ‹D1)2 + (‹P2 − ‹P1)2 + (‹H2 − ‹H1)2 (3)

This is due to the experimentally proven fact that heat of mix-
ing for dispersion forces is four times higher when compared
with that of polar and hydrogen bonding. For any mixture,
Hansen solubility parameters of ‹D, ‹P and ‹H comprise the
average, weighted for % contribution, of the individual compo-
nents. Typically, any substance may be represented by a point
in three dimensional space, where each parameter is repre-
sented by an appropriate axis. There exists an additional,
fourth, parameter – the radius (R) of the solubility sphere,
representing the maximum distance from the center (point for
“ideal” solubility of a particular substance) assuming its solubil-
ity. The most common method for determination of ‹D, ‹P and
‹H values as well as the radius of the sphere for any substance
is mathematical analysis of its solubility in a set of different sol-
vents by HSPiP software. Typically, a “good” solvent is rated
1, while a “bad” one – 0. The statistical selection of solvents
as well as criteria for distinguishing “good” and “bad” environ-
ments to dissolve the given substance are the most challenging
aspects of this method, although they may be “iterational”: it
is possible to arbitrary select some solvents and add new ones
(or their mixtures) to make fitting better. Typically, for a three
dimensional system, a green dot represents the determined ‹D,
‹P and ‹H values for the studied substance (simply they may
be denoted as [‹D, ‹P, ‹H] like coordinates for 3D plot), blue
dots – ‹D, ‹P and ‹H values for “good” solvents, i.e. situated
inside the sphere, while red squares – such values for “bad” sol-
vents, i.e. those outside the sphere. In order to quantitatively
describe the analyzed solvents, the RED (Relative Energy
Difference) number has been introduced by the equation:

RED =
∆‹

R
(4)

where ∆‹ denotes the distance, given by Equation (3), for
a particular solute (i.e. the studied substance) – solvent
system (regardless of whether the “solute” is really soluble
or not), while R is the radius of the sphere for the studied
substance. For a “good” solvent RED < 1, while for a “bad”
one RED > 1; in general, RED value for the best solvent
should be as low as possible, i.e. more close to 0.
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In order to show all parameters in a convenient way as trian-
gular graphs – Teas plots – values of ‹D, ‹P and ‹H should
be converted:

‹D =
‹D

‹D+‹P+‹H
(5)

‹P =
‹P

‹D+‹P+‹H
(6)

‹H =
‹H

‹D+‹P+‹H
(7)

2.2. HSPiP for any molecule – Y–MB approach

Prediction of physicochemical properties of any molecule of
a known structure, regardless of whether it really exists or
not, poses a challenging task, even for well-known parame-
ters like solubility parameter components of dispersion (‹d),
polar (‹p), and hydrogen bonding (‹h) forces, total solubil-
ity parameter (‹), melting point (MP), boiling point (BP),
octanol-water partition coefficient (denoted as log(Kow)) and
aqueous solubility (denoted as log(S)). Historically, there have
been developed numerous approximations with the well-known
Hoy’s and Hoftyzer-van-Krevelen’s methods (Abbott et al.,
2020; Hansen, 2000; van Krevelen, 2009). Typically, such
approaches are known as “group increment methods” since
they utilize dividing a particular molecule or macromolecule
into “building blocks” of the known contribution into the final
value of a particular parameter. In an ideal situation, the total
value, e.g. for components of dispersion forces into solubil-
ity parameter, comprise just a sum of particular values for
structural “building blocks”. On the other hand, an algebraic
sum rarely provides reliable data, so appropriate corrections,
e.g. utilizing the molar volume of the whole molecule, are
needed. The weakest point of those methodologies is a very
limited number of particular increment groups with known
values of appropriate counterparts and a relatively large set of
components, especially for polar chemicals motifs, with only
roughly estimated numbers.

Nowadays, the most sophisticated method for estimation
of numerous parameters for a very large group of organic
molecules is Y–MB (Yamamoto Molecular Breaking). At first,
it should be stated that this method is useful only for small
molecules, i.e. with the current limit of 120 heavy atoms –
atoms other than hydrogen, and its usage for polymers or large
molecules may involve manual “splitting” of the given molecule
into appropriate fragments with optimal ending motifs by
the user. The greatest advantage of Y–MB method over
the previous ones is that it allows software to automatically
calculate appropriate values from the structure, provided by
SMILES notation (Abbott et al., 2020). For other methods
it is needed for the user to manually divide a molecule into
groups of the known contributions, which may be challenging.

Solubility parameter components of dispersion (‹d), polar (‹p),
and hydrogen bonding (‹h) forces as well as total solubility
parameter (‹) are combined with thermodynamic parameters

at 25 ◦C: enthalpy of vaporization (∆Hvap), boiling point (Tb)
critical temperature (Tcr) and molar volume (Mvol) by the
following formulas:

‹ =

s
∆Hvap − RT

Mvol
(8)

∆Hvap(T=298K) = ∆Hvap(Tb)

0BB@
1 − 198:15

Tcr

1 − Tb
Tcr

1CCA
0:38

(9)

For not known molecules, Tcr values are estimated using the
Y–MB group increment method. The value of ‹p is combined
with the dipole moment (DM) and the molar volume (Mvol)
by the Beerbower formula (note that the numerical parameter
is revised for utilization by HSPiP software):

‹P = 36:1

s
DM

Mvol
(10)

Preferably, ‹D values are strongly dependent on DM and Tcr
(as previously stated – estimated using the Y–MB group
increment method) and gathered in an appropriate database
for the HSPiP calculations. On the other hand, ‹D may be
calculated from refractive index (RI), when known:

‹D =
RI− 0:784

0:0395
(11)

The most problematic is the determination of ‹H values since
they cannot be simply combined with any known (and easily
measurable) physicochemical parameter and, in fact, consti-
tute a special type of polar interactions. On the other hand,
we can use the estimated values of ‹d, ‹p and ‹ as well as
Equation (1):

‹H =
q
‹2 − ‹2D − ‹2P (12)

The hydrogen bonding component is the most uncertain
one since there is no sufficient theoretical background for
its separate distinguishing, although its “existence” is proven
and needed due to a large number of experimental data. In
order to avoid inconveniences with over- or underestimated
values, Y–MB method allows splitting ‹H into donor (‹HD)/
acceptor (‹HA) counterparts with a greater accuracy with
experimental data:

‹H =

q
‹2HD+‹2HA (13)

For such extension, the formula for ∆‹ between two
substances (subscripts 1 and 2) follows Equation (14).

(∆‹)2 = 4 (‹D2 − ‹D1)2 + (‹P2 − ‹P1)2 +

+ 2 (‹HD2 − ‹HD1) (‹HA2 − ‹HA1)
(14)

The latter extensions, Equations (13) and (14), are partic-
ularly useful for miscibility of two large molecular weight
components, e.g. formation of polymer blends.
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3. HSPIP IN SOLVENT SELECTION

3.1. Brief overview of current applications

Selecting a proper solvent is one of the most challenging ap-
proaches for current synthetic chemistry as well as chemical
engineering and technology since most of the chemical or
biochemical processes on the Earth occur in aqueous envi-
ronment (Jiang et al., 2014). The noticeable advantage for
the predictive modeling software applications is the “trial-and-
error” approach avoidance that are time-consuming and only
provide the most suitable solvent from within the limited
experimental data set (Petchey et al., 2018). The most so-
phisticated methods, utilizing Hansen solubility parameters in
Practice (HSPiP) software, may be utilized for optimization
studies of solvent-borne reaction mixtures (Jiang et al., 2014;
Petchey et al., 2018; Tripathi et al., 2018; Yin et al., 2021),
extraction/solubilization of particular compounds, comprising
one type of chemical molecules (Laboukhi-Khorsi et al., 2017;
Shakeel et al., 2021a; 2021b) as well as complicated mixtures
(Díaz de los Ríos et al., 2022; Novo and Curvelo, 2019; Soyemi
and Szilvási, 2023). In relation to water, organic solvents re-
veal a wide spectrum of properties responsible for various
structures, polarities, as well as interfacial energy magnitudes.
The theoretical values of a given solvent/solute compatibility
can be determined from the total cohesive energy density,
measured in evaporation experiments by the cohesion break-
ing up between the molecules (Bapat et al., 2021; Qin et al.,
2019; Wieneke et al., 2012). Hansen solubility parameters
constitute a profound concept to diminish the use of toxic
solvents in a variety of industrial and research applications, in-
cluding membrane processing, pharmaceutics, cosmetics, and
obtaining the solubility properties of biomass-derived solvents
compared to toxic petro-based derivatives (Barry et al., 2017;
Milescu et al., 2020; Yu et al., 2021).

3.2. HSPiP for greener solvent systems

Numerous organic solvents, including very valuable highly po-
lar ones, can be potentially hazardous, even despite their low
volatility. One example is dimethyl formamide (DMF), widely
used as solvent for fiber-dyeing and printing applications since
it can dissolve several polymers, including polycarbonates,
some polyamides and polyurethanes, known for numerous
hazards to human health (acute toxicity, irritancy to skin,
reprotoxicity and potential carcinogenicity – class 2A). There-
fore, there is an emerging need to replace it with safer and
more environmentally friendly alternatives. Typical trial-and-
error experiments are useless in these fields, due to limited
effectiveness, especially for solvent mixtures, and growing
number of accessible solvents. Therefore, determination in
particular polymers of solubility parameter components (‹d,
‹p and ‹h) as well as radius of solubility sphere (R) utilizing
simple solubility experiment with a limited number of solvents
and HSPiP offers a smart alternative. Such an approach (Yu

et al., 2021) enabled to find safer alternatives for DMF as
polyurethane solvent, including specific mixtures of cyclohex-
anone with n–buthyl acetane (85:15, v :v) and cyclopentanone
or cyclohexanone with dimethylsulfoxide (54:46, v :v). Sol-
vents, including aromatic, petrochemically-derived ones, are
also used as reaction media, e.g. in amidation processes. Uti-
lizing a similar approach and HSPiP software, p-cymene has
been found as the general alternative for toluene in catalyzed
reaction between various carboxylic acids and amines (Milescu
et al., 2020). The growing market of contact adhesives is also
connected with extended research on finding appropriate alter-
natives for typical solvents hazardous to health, like toluene,
xylene and methylene chloride. An extended HSPiP-based
studies enabled to find triple solvent mixtures for dissolving
particular resins and rubbers, aiming to reduce volatile organic
solvent emissions from contact resin applications (Barry et
al., 2017). It should be emphasized that the aforementioned
studies show the great potential of HSPiP-based approaches
toward solvent selection in the applied disperse systems, chem-
ical nanoengineering, specialty polymer and coating technolo-
gies as well as in chemical technology (reaction media), espe-
cially due to minimized experimental effort and direct response
which solvent/solvent mixture constitute the optimal one.

3.3. Optimization studies for crystallization of new
multicharge surfactants, crucial building blocks
for nanoparticle engineering

Due to their amphiphilic character, surfactants are particu-
larly difficult to be purified, although careful removal of any
impurities, organic and inorganic ones, is crucial for their
surface activity measurements at interfaces (Lamch et al.,
2023, 2025). Typically, surfactants, as solids, are purified
by repeated crystallization from various solvents or solvent
mixtures; the use of column chromatography is limited by
their high affinity to any surfaces. Sometimes it is possible
to heat surfactant in an appropriate solvent, typically up to
its boiling point under reflux, until complete dissolution and
keep at room or reduced (e.g. in freezer) temperature to
induce crystallization. On the other hand, sometimes dual
solvent approach is needed: typically surfactant is dissolved
in a minimum amount of “good” solvents (i.e. solvent which
completely dissolves surfactant), followed by gradual adding
of “poor” solvent (i.e. solvent that does not dissolve surfac-
tant) until slight turbidity appears. The introduction of “poor”
solvent into “good” one may be performed at room or elevated
(e.g. boiling point under reflux) temperature, while crystal-
lization typically occurs at room or reduced temperature. For
some surfactants it may be beneficial to utilize an opposite
approach: an introduction of a “good” solvent into a slurry of
the compound in a “poor” solvent, until the mixture becomes
completely transparent (Lamch et al., 2023, 2025).

For our example we chose three multicharged cationic
surfactants of a dicephalic type, i.e. possessing one hy-
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drophobic tail and two hydrophilic headgroups, compris-
ing exclusively carbon atoms with an exception for hy-
drophilic quaternary amine headgroups and counterions: 2–
alkyl–N,N,N,N’,N’,N’–hexamethylpropan–1,3–ammonium di-
bromides (Cn–DCNMe3Br). For the characterization of this
unique class of surfactants, with potential applications e.g. as
gene or drug delivery nanosystems, it was necessary to devise
appropriate purification steps in order to get compounds of
sufficiently high purity. In order to systematically study solu-
bility of surfactants with different alkyl chain lengths (n = 10,
12 or 14), Hansen solubility parameters of the mentioned com-
pounds were determined using the sphere method (Szarpak
et al., 2024). The modular synthetic route for Cn–DCNMe3Br
surfactants, described in (Lamch et al., 2025), involves alky-
lation of dimethyl malonate, followed by reduction of the
obtained intermediate and hydroxyl motifs exchange into bro-
mide ones as well as final quaternization with trimethylamine.
It is worth noticing, that for the multistep synthetic route

appropriate rational crystallization processes are essential in
order to remove any traces of impurities significantly impact-
ing surfactants’ performance at interfaces.

Solubility of surfactants was probed utilizing simple solubility
test (20 mg of surfactant per 2 ml of solvent; 1 min of son-
ication, followed by keeping samples at room temperature for
48 h) in 30 different solvents with assigning values 1 for sol-
uble and 0 for insoluble. The obtained results were plotted in
three dimensional space as well as Teas plots (see Table 1 and
Fig. 1) in order to determine solubility parameter components
(‹D, ‹P and ‹H) as well as radius of solubility sphere (R) for
the studied surfactants. It is worth noticing that only for four
solvents (1–propanol, 1–butanol, N–methyl diethanolamine
and propylene glycol monomethyl ether) there were differences
in surfactant solubilities dependent on alkyl chain lengths.

Taking into account the determined values of Hansen solu-
bility parameters (see Table 2) the studied surfactants are

Table 1. The set of solvents used for solubility probing with scores for particular surfactants Cn–DCNMe3Br (for the structure see
Table 2).

Score
Solvent ‹D, MPa0:5 ‹P, MPa0:5 ‹H, MPa0:5

n = 10 n = 12 n = 14

Methanol 14.7 12.3 22.3 1 1 1
Diethyl ether 14.5 2.9 4.6 0 0 0
Acetonitrile 15.3 18 6.1 0 0 0
Methylene dichloride 17 7.3 7.1 0 0 0
Formamide 17.2 26.2 19 1 1 1
Ethyl acetate 15.8 5.3 7.2 0 0 0
Toluene 18 1.4 2 0 0 0
2–Propanol 15.8 6.1 16.4 0 0 0
2–Butanol 15.8 5.7 14.5 0 0 0
Chloroform 17.8 3.1 5.7 0 0 0
Dimethyl sulfoxide 18.4 16.4 10.2 1 1 1
Tetrahydrofuran 16.8 5.7 8 0 0 0
Ethylene Glycol 17 11 26 1 1 1
1–Butanol 16 5.7 15.8 0 0 1
Acetone 15.5 10.4 7 0 0 0
Ethanol 15.8 8.8 19.4 1 1 1
Cyclohexane 16.8 0 0.2 0 0 0
p–Xylene 17.6 1 3.1 0 0 0
Heptane 15.3 0 0 0 0 0
Dimethyl formamide 17.4 13.7 11.3 1 1 1
1–Propanol 16 6.8 17.4 1 0 1
3–Methoxy–3methyl butanol 16 6.3 12.9 0 0 0
Propylene carbonate 20 18 4.1 1 1 1
Propylene glycol monomethyl Ether 15.6 6.3 11.6 0 0 1
Methyl diethanolamine 16.8 8.3 17.6 1 0 1
1–Pentanol 15.9 5.9 13.9 0 0 0
Ethylene glycol monoethyl ether 15.9 7.2 14 1 1 1
Methylethanolamine 16.8 8.7 16.4 0 0 0
Dimethyl ethanoloamine 16.1 9.2 14 0 0 0
Water 15.5 16 42.3 1 1 1
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Figure 1. Three dimensional and Teas plots for the determination of Hansen solubility parameters of the studied dicephalic-type
surfactants (for the structure see Table 2).

characterized by high tendency to interact by London (‹D ≈
18−19:5 MPa0:5), polar (‹P ≈ 22:5−26:5 MPa0:5) and hydro-
gen bonding (‹H ≈ 25 − 26 MPa0:5) forces. Such findings are
in good agreement with amphiphatic structure of surfactants,
comprising both hydrophobic (non-polar) and hydrophilic (po-
lar) counterparts. The purification process should comprise
pairs of solvents, exhibiting strong interactions by dominant

dispersion forces (relatively high value of ‹D ≈ 14−16 MPa0:5)
as well as both polar and non-polar interactions (values of
‹D ≈ 14 − 16 MPa0:5 and ‹P or ‹H ≈ 16 − 18 MPa0:5).
Repeated recrystallization from aforementioned mixtures of
solvents enables one to remove both hydrophilic and hy-
drophobic impurities. Such findings provided the successful
crystallization processes from 2-propanol (‹D = 15:8 MPa0:5,
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Table 2. Structures, abbreviations and the determined HSPs values for the studied dicephalic-type surfactants.

Structure and name R Abbreviation ‹D, MPa0:5 ‹P, MPa0:5 ‹H, MPa0:5 R0

R
N+

N+
2Br-

2–alkyl–N,N,N,N’,N’,N’–hexamethyl–
propan–1,3–ammonium dibromides

C10H21 C10–DCNMe3Br 19.2 23.8 25.6 19.9

C12H25 C12-DCNMe3Br 17.7 26.3 26.2 19.9

C14H29 C14-DCNMe3Br 19.1 22.6 25.1 19.9

‹P = 6:1 MPa0:5, ‹H = 16:4 MPa0:5) – ethyl acetate
(‹D = 15:8 MPa0:5, ‹P = 5:3 MPa0:5, ‹H = 7:2 MPa0:5)
and acetonitrille (‹D = 15:3 MPa0:5, ‹P = 18 MPa0:5,
‹H = 6:1 MPa0:5) – to diethyl ether (‹D = 14:5 MPa0:5,
‹P = 2:9 MPa0:5, ‹H = 4:6 MPa0:5) mixtures. It should be
emphasized that all solvents chosen for crystallization are
scored as “poor” according to solubility probing. A significant
amount of surfactant (e.g. above 5% by weight) may be
dissolved in the abovementioned mixtures only at elevated
temperatures, allowing formation of crystals when left at room
temperature.

3.4. Solubility parameters for ionic liquids

Ionic liquids comprise a very potent group of “green” alter-
natives for typical polar solvents, due to high boiling points
and, thus, low vapor pressure, electroconductivity and high
thermal stability. Their usefulness is particularly significant as
novel electrolytes, reaction media and separation solvents. In
the field of typical HSPs, they constitute a group of “difficult”
solvents, since Y–MB approach does not take into account
ionic interactions. Therefore, it is not possible to directly pre-
dict their properties, especially solubility sphere coordinates,
on the basis of the knowledge of their chemical structure. On
the other hand, there exist complementary methodologies,
enabling to determine HSPs for ionic liquids: estimation of
ionicity by Walden plots (Kobayashi et al., 2020) as well as
inverse gas chromatography (Zhu et al., 2019). It should
be noted that inverse gas chromatography has become one
of the basic methodologies for determination of HSPs so
nowadays some data, e.g. specific retention volumes, for the
predicted compounds are available in HSPiP software (Abbott
et al., 2020). Moreover, there exist numerous empirical or
semi-empirical relationships, combining e.g. values of critical
parameters for liquids (temperature and volume) with data
from inverse gas chromatography, especially second virial co-
efficient (Chen et al., 2012; Wang et al., 2013; Zhu et al.,
2019). The measurement involves the use of different “probes”
of known parameters to determine the Flory-Huggins inter-
action parameter at various temperatures. Moreover, inverse
gas chromatography allows to distinguish “good” and “poor”
solvents for particular ionic liquids. The dependence of the

conductivity on the viscosity, known as Walden plots, enabling
to study the ionic liquids dissociation rates, is more sophis-
tically connected with HSPs. For such considerations, “poor”
and “good” solvents were given scores from 1 to 6, respectively.
Moreover, “good” solvents were additionally put into three
groups, dependent on Walden plot constants (Kobayashi et
al., 2020). Combination of Walden plots with HSPiP software
leads to determining the donor (‹HD)/acceptor (‹HA) coun-
terparts of hydrogen bonding for the appropriate ionic forms.

The considerations of HSPs for ionic liquids also showed an
emerging need for appropriate solvent selection and dividing
them into various subgroups. Further investigations may solve
important technological issues, e.g. finding novel electrolytes
for electrochemical devices as well as antistatic agents with
the minimal experimental effort.

3.5. Machine learning approach to determine
Hansen solubility parameters

The machine learning approach has gained much attention
in various disciplines and led to a breakthrough in data sci-
ence. These techniques can be divided into supervised and
unsupervised learning. In the former, the algorithms work on
datasets with assigned labels. The model minimizes the loss
function, which measures the error between its predictions
and the actual labels. In order to keep the model general (i.e.
prevent overfitting), models are tested for “unseen” portion
data, which is separated into the validation set. An impor-
tant class of supervised learning methods is the deep learning
approach with artificial neural networks (ANN). In this case,
the data enter the input layer of the ANN and is processed by
the hidden layers into the final, output layer (Chollet, 2021).
This approach is very effective in solving specified tasks. In
the unsupervised learning methods, the algorithms work on
unlabeled data, trying to get the underlying structure (finding
some patterns) (Patel, 2019). This approach is often used to
divide datasets into distinct groups (clusters) containing simi-
lar instances (with respect to given features). Such a clustering
procedure can be performed e.g. within the K-means, Hierar-
chical Clustering, DBScan (Patel, 2019), or Self-Organizing
Map (SOM) (Kohonen, 1982, 2013) algorithms.
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Machine-learning techniques can be utilized in chemistry
on multiple levels and they are very promising to enhance
studies on solvents. Such methods can be used to extract new
information from existing empirical data, getting correlations
that are difficult to find with standard statistical methods.

There are various studies aimed at predicting the values of
the HSPs from the other properties that characterize a given
solvent (Li et al., 2024; Mostafa et al., 2024; Wojeicchowski
et al., 2022). This can be done based on e.g. the COSMO-
RS (conductor-like screening model for realistic solvents)
descriptors (Li et al. 2024; Wojeicchowski et al., 2022). In fact,
the factorial regression approach showed promising results in
predicting the HSPs from the ff moments and the COSMO-
RS parameters (Wojeicchowski et al., 2022). Furthermore,
finding the HSPs can be supported by combining COSMO-RS
with the Group Contribution methods (Li et al., 2024). It
has also been shown that the Deep Neural Network model
and the Extreme Gradient Boosting Regressor approach are
effective in predicting HSPs (Li et al., 2024).

3.6. Solvent selection by machine learning
algorithms

The machine learning techniques can also be harnessed
for optimal solvent selection. For example, the clustering
based on the SOM algorithm was used to implement the
program which seeks for green alternatives for a given solvent
(Sels et al., 2020). In another work (Lan et al., 2014),
clusterization with the K-means algorithm was performed
to correlate the solvent parameters with the gelation abilities
of 1,3:2,4–dibenzylidene sorbitol.

For substances of not known Hansen solubility sphere coor-
dinates, it is beneficial to initially sample the Hansen space
in a (possibly) uniform way. Therefore, a plausible choice
involves solvents representing various groups (clusters). Here,
we present an illustrative example, where we use K-means
clustering algorithm to find groups of similarity in a set of
114 solvents. As shown in Fig. 1a, we represent the solvents
as points defined by the HSP (‹D, ‹P, ‹H) coordinates.

In this algorithm, the user needs to set the number of clusters,
which we estimate using the so-called elbow method. To
measure how well a given dataset is divided into clusters,
one can use the inertia parameter, which is the sum of the
within-cluster-variations of all clusters (Patel, 2019). The
smaller inertia means better clustering. Its value decreases
with an increasing number of clusters (see Fig. 2b). In the
elbow method, the optimal number of clusters is assumed
to be the point when the decrease begins to significantly
slow down (hence the impact of further division gets smaller).
As can be seen in Fig. 2b for the considered solvents, 5 is
a reasonable choice for the number of clusters. We used this
value in Fig. 2a, where the solvents are assigned to one of
the 5 groups (and plotted with the corresponding colors). In
calculating the distance between points for the clustering, we
took the weight “2” for ‹D, which is consistent with Eq. (3).

Particular clusters correspond with different types of solvents.
Cluster “1” comprises 32 solvents and represents compounds
exhibiting values of ‹D and ‹H above ca 15 MPa0:5 and ca
12 MPa0:5, respectively, with relatively lower values of ‹P
(typically below 10 MPa0:5). Chemically, those compounds
constitute alcohols and their derivatives (e.g. esters or ethers)
comprising at least one free hydroxyl motif – this structure
explains high values of ‹H. Cluster “2” constitutes the largest

(a) HSPs of solvents – finding clusters (b) Elbow method for optimal number of clusters

Figure 2. (a) Solvents represented via the Hansen solubility parameters, assigned to 5 clusters and (b) the K-Means inertia parameter as
a function of the number of clusters.

8 of 17 https://journals.pan.pl/cpe



Chem. Process Eng., 2025, 46(2), e94 HSPiP software as a powerful tool for optimization studies in chemical nanoengineering

group (47 solvents), characterized by values of ‹D above
ca 15 MPa0:5 and relatively lower values of ‹P and ‹H. This
group comprises various esters and ethers, including cyclic
ones, as well as ketones, characterized by polar structure.
Cluster “3” – 12 solvents – constitute a group of compounds
with values of ‹D and ‹P above ca 15 MPa0:5, such as
acetonitrille, various cyclic esters, dimethylsulfoxide (DMSO)
and N,N-dimethylformamide (DMF). This group may be
roughly described as aprotic polar solvents. Water, due to
the extreme value of ‹H (42.3 MPa0:5), was denoted as
the sole compound in cluster “4”. And, finally, cluster “5”
comprises compounds with values of ‹D above ca 15 MPa0:5

and relatively low (between 0 and 5 MPa0:5) values of ‹P and
‹H. This group is dominated by hydrocarbon-based solvents,
both aliphatic, cycloaliphatic and aromatic, as well as some
ethers, esters and ketones, especially those with long or
branched hydrocarbon chains.

Clusterization has a significant impact on the initial choice
of solvents for experimental determination of HSPs by the
sphere method. The optimal choice should involve solvents
from all clusters, if possible. Such an approach assumes the
adequate counting of all the aforementioned interactions and,
therefore, provides the most accurate determination of the
sphere coordinates [‹D, ‹P, ‹H] as well as the radius (R).
To recall, our previously mentioned determination of HSPs
for dicephalic surfactants Cn–DCNMe3Br – see Section 3.3
– took into account the representatives from all 5 clusters.
It is worth noticing that only some solvents (1–propanol,
1–butanol, N–methyl diethanolamine and propylene glycol
monomethyl ether) from the cluster “1” (alcohols and their
derivatives) exhibited any differences in solubility between
particular surfactants of varying alkyl chain lengths. Such
behavior may arise from differences in ‹D values between, par-
ticularly, C12–DCNMe3Br (this compounds is characterized
by slightly, by ca 1.5 MPa0:5, lower ‹D values when compared
with other surfactants) and the mentioned solvents. Our find-
ings confirmed the usefulness of clustering approaches in HSPs
studies and optimization toward technological applications.

4. HSPIP CALCULATIONS FOR
POLYMER BLENDS

In general, blending of polymers is a tricky task, since it is
difficult to predict if particular macromolecular compounds are
thermodynamically miscible (“blendable”). Even if they form
a macroscopically uniform mixture, it could undergo slow sepa-
ration processes, i.e. “frozen” structure turns into its thermody-
namically stable state. HSPiP is successfully applied in regards
to microheterogenous mixtures, because it is gaining more
attention in the sectors of contaminated water purification, as
it provides better biocompatibility and scalability, making it
possible to design more simple and cost-effective methodolo-
gies for pharmaceutical industry (Afzal et al., 2022; Hussain
et al., 2023a, 2023d; Venkatesan et al., 2022). Our consider-

ations are supported with dissolving of the real technological
problem, comprising the design of suitable polymer nanoma-
trix (Lamch, 2018) for delivery of three different biologically
active compounds of natural (curcumin and resveratrol) or
biotechnological (mitomycin C) origin (Lamch and Szklarz,
2024; Lamch and Szukiewicz, 2024; Weżgowiec et al., 2025).

4.1. Blending of polymers for their strong adhesion
between them by HSPiP

Polymer blending, according to HSPiP theories, may be di-
vided into two general cases: mixing in the bulk phase and
at the surface, characteristic for adhesion. The first case re-
sembles a polymer – solvent system with particular polymer
chains tangled with each other. In contrast to low molecular
weight solvents/host molecules, the calculation of standard
Hansen solubility parameter distance (see Equation (3) in
Section 2.1) may often be misleading. Often better results
for polymer blends are obtained when hydrogen bonding com-
ponent (‹H) is divided into donor/acceptor interactions –
see Equations (13) and (14) in Section 2.2. HSPiP software
provides polymer miscibility calculator, taking into account
molecular weights of mers (building blocks) and polymers
as well as temperature in order to show when formation of
thermodynamically stable polymer blend is possible (Abbott
et al., 2020). HSPs for polymer blends may be probed by the
standard sphere method, utilizing a set of solvents to dissolve
or swell the existing mixture. This approach enabled to care-
fully study hydrogenated nitrile rubber/ ethylene propylene
diene monomer rubber (HNBR/EPDM) blends with weight
ratio of each component varying from 0 to 100% (Jiang et
al., 2022). A similar approach, comprising studies of swelling
behavior, was used to study thiol-ene networks toward HSPs
and miscibility parameter determination (Bongiardina et al.,
2021). The second case – surface blending of polymers – is
the principle for strong adhesion between polymers. The real,
strong adhesion between two polymers which is connected
with energy of 100–1000 J/m2 is dependent on polymer chains
getting and staying entangled. Polymers should not only pos-
sess similar values of HSPs, but also be thermodynamically
more stable in an extended state when compared with closed
in upon themselves as well as (at least at the surface) treated
with appropriate factor, triggering formation of entangled
chains like solvent, heating or friction (Abbott et al., 2020).

4.2. Polymer plasticization toward drug nanocarriers

The growing interest of naturally-derived raw materials for
polymers has significant impact not only on plastic industry,
since polylactide constitutes one of the most common fila-
ments for 3D printing, but also on pharmaceutical industry,
due to unique properties of some polyesters as drug carrier
nanomatrices. Polymer nanomatrix plasticization toward drug
delivery nanosystems is multifactor optimization task, com-
prising: (i) the consideration of mutual compatibility between
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the polymer and the plasticizer; (ii) the efficiency of the
blended polymers to incorporate the drug molecules; (iii) the
determination of plasticization process mode (solvent-based
or hot plasticization) and (iv) the choice of appropriate solvent
or solvent mixture. For nanoprecipitation-based preparation
methodology the solvent must be volatile (boiling point at
least 15–20 ◦C lower than that of water), when it is removed
by evaporation, completely water miscible and providing broad
ranges of payload and polymer solubility. All of the aforemen-
tioned considerations may be supported by HSPiP calculation,
with the help of solvent clustering efforts. Such an approach
is particularly important for scalable, industrial processes, very
susceptible to suboptimal conditions/compositions, leading
to e.g. accumulation of precipitated polymer films or chunks.

For our example we chose three different multifunctional
drugs: curcumin (CUR), resveratrol (RES) and mitomycin C
(MMC) of amphiphilic or hydrophobic character, encapsulated
in core-shell nanoparticles with polyester matrix composed of
poly(L–lactide) (PLLA), poly(lactide–co–glycolide) (PLGA)
and/or poly(ethylene succinate) (PES) and stabilizing layer of
newly devised hydrophobically functionalized polyelectrolytes
(HF–PEs). The key point of the studied drugs is a high
tendency to interact by dispersion (London) and hydrogen
bonding forces, despite their different aqueous solubilities
(good for MMC and poor, pH dependent for CUR and RES).

Our current contribution is focused on the optimization stud-
ies for scalable methodologies in batch-type equipment or
membrane-assisted process – see our published papers (Lamch
and Szklarz, 2024; Lamch and Szukiewicz, 2024; Weżgowiec
et al., 2025) – comprising various aspects: mutual compati-
bility in drug – polymer nanomatrix – polymeric (oligomeric)
plasticizer, the determination of optimal preparation tempera-
tures and solvent/solvent mixtures choice, studied with HSPiP
software. The calculation of ∆‹ (Y–MB method, HSPiP) for
different polymer (PLLA, PLGA and PES) combinations – see
Fig. 3 – showed that any of the aforementioned compounds
may play the role of plasticizer to each other, due to very
good compatibility (∆‹ < 3 MPa0:5). Since the use of PES
as a single polymer nanomatrix building block is unfavorable,
we calculated weight percent solubility of drugs in PLGA and
PLLA in the temperature range of 25–100 ◦C. MMC, due to
its susceptibility to degrade at elevated temperatures, was
not studied in this way. Our results clearly show that CUR
solubility in polymer (better in PLLA than in PLGA) matrix
is highly temperature dependent, and it is very beneficial to
prepare nanocarriers at elevated temperatures, followed by
their rapid cooling to avoid recrystallization in nanocarrier
cores. For RES such effect is far less significant so, taking
into account possible degradation of PES oligomer (plasti-
cizer), encapsulation is preferred to be performed at room
temperature. For appropriate solvents, we performed multi-
criteria analyses, taking into account boiling point, safety,
miscibility with water and the Hansen solubility parameter
distance from the polymer. To recall, an optimal solvent or
solvent mixture should be characterized by as low as possible

(preferably < 10 MPa0:5) distance from the polymer, boiling
point between ca 45–80 ◦C to enable easy evaporation from an
aqueous system, complete miscibility with water and nontoxic-
ity. Our studies indicate that the best solvent for any polymer
(PLLA, PLGA) or oligomeric plasticizer (PES) is acetone, due
to low Hansen solubility parameter distance (< 5 MPa0:5),
miscibility with water, appropriate boiling point (56 ◦C) and
nontoxicity. The second choice constitutes tetrahydrofuran,
characterized by slightly higher, but acceptable, values of boil-
ing point (66 ◦C) and the distance (between 5 and 10 MPa0:5).
Taking into account the relatively high boiling point (82 ◦C)
and difficulties in removal from aqueous solution by evapo-
ration, acetonitrille is a less favorable choice, although it is
characterized by low Hansen solubility parameter distance
(below or around 5 MPa0:5).

Our studies clearly show excellent usefulness of HSPiP soft-
ware toward optimization of scalable processes with high
potential in the fine chemicals industry. It should be em-
phasized, that, especially when the used chemicals are insta-
ble and/or expensive, the utilization of predictive software
and approaches can significantly reduce the number of time-
consuming and difficult experimental efforts. The designed
methodologies of core-shell nanocarrier preparation, both
membrane-assisted (Weżgowiec et al., 2025) and performed
in batch-type vessel equipment (Lamch and Szklarz, 2024;
Lamch and Szukiewicz, 2024), met all the known requirements
in the fields of scalability, process parameter optimization as
well as selection of placticizer and solvent.

5. HANSEN SOLUBILITY PARAMETER
AT INTERFACES

The interfacial phenomena may be described and explained by
HSPiP software in various biomedical and bioengineering (Al-
tamimi et al., 2022; Hussain et al., 2023b, 2023c, 2023d) fields.
On the other hand, surface energy measurements (AlQasas et
al., 2023) as well as viscosimetry or inverse gas chromatogra-
phy techniques (Kobayashi et al., 2020; Malpani et al., 2011;
Zhu et al., 2019) may be helpful for the determination of
HSPs. It should be emphasized that the aforementioned ap-
plications of HSPs are getting more and more scientific and
technological interest, especially in the fields of coating and
adhesive industries, cosmetics and pharmacy.

5.1. The relationship between solubility and contact
angle

Wetting of surfaces is a physical phenomenon with a great impact
on numerous applications: hydrophobization/hydrophilization,
coatings, adhesives, paints and many other. The crucial param-
eter for characterization of wetting performance is the contact
angle, and its histeresis, of particular liquid drop on the studied
surface. The surface of the solid, e.g. glass, may also be character-
ized by HSP coordinates [‹D, ‹P, ‹H] since surface energy, strictly
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connected with contact angle, is often broken down into appropri-
ate subcomponents. The simplest way to determine HSPs is to
probe which liquids completely wet the surface (contact angle 0 ◦,
“good” solvents with score value “1”) and which do not (contact
angle above 0 ◦, “poor” solvents with score value “0”). For such
considerations it is needed to state that only perfect wetting
(contact angle 0 ◦) may be scored “1” (Lazghab et al., 2005),
although different approaches are also possible (Fujiwara et al.,
2019; Tsutsumi et al., 2019). Another point are technical difficul-
ties in determination of contact angles with values not exceeding
a few degrees. The data for sufficient number of different solvents
(see Section 3 for detailed information about solvent choice for

solubility probing) enables HSPiP software to determine Hansen
solubility parameters for surface similarly to solids dissolved in
solvents (Abbott et al., 2020). In fact, the distinguishing between
a “good” and a “poor” solvent is a more complicated task. Very
good wetting corresponds to a zero equilibrium contact angle,
as the liquid will get spread spontaneously and wet the substrate
completely (Lazghab et al., 2005). Many reports (Fujiwara et al.,
2019; Tsutsumi et al., 2019) used the contact angle threshold
to differentiate between a good and a bad solvent in order to
estimate the Hansen solubility parameter. Tsutsumi et al. (2019)
evaluated the contact angle by means of the Washburn equation,
and a threshold for dividing the poor solvents from the good

Figure 3. The chemical structures of the studied compounds (CUR, RES, MMC, PLLA, PLGA and PES), mutual compatibility
of the polymers, multi criteria selection of the appropriate solvent as well as temperature dependence of mass solubility
of CUR and RES.

https://journals.pan.pl/cpe 11 of 17



Ł. Lamch, K. Gawarecki, D. Szarpak, K.A. Wilk Chem. Process Eng., 2025, 46(2), e94

ones was selected at the median contact angle value. On the
other hand, Fujiwara et al. (2019), used an arbitrary contact
angle threshold of around 17 ◦ to acquire a list of good and
bad solvents. This approach is based on an assumption that
wettability is equivalent to solubility – a surface with low value
of contact angle corresponds to a well soluble substance.

Early attempts to combine wetting angle with HSPs provided
numerous equations, satisfied for particular groups of com-
pounds. For example, there were separate formulas for the
majority of alcohols, non-alcohols as well as acids, phenols
and amines according to Beerbower (1971). On the other
hand, Koenhen and Smolders provided a more general rela-
tionship, combining ‹D and ‹P values with contact angle for
most solvents, with an exception for e.g acetonitrille, acids
and polyols (Koenhen and Smolders, 1975). The division of
solvents into alcohols and other groups corresponds to our
clusterization studies – the first cluster comprises the ma-
jority of compounds with hydroxyl motif, characterized by
significant hydrogen bonding – see Section 3. This particular
parameter, expressed as ‹H, is underestimated for surface
energy according to Koenhen and Smolders (1975), due to
the assumption that hydrogen bonds are not broken for inter-
actions involved in liquid-vapor interfacial energy. A similar
approach, i.e. determination of relationships for particular
groups of common solids and surfaces, e.g. graphite, MoS2

and WS2), connected with further generalization is also pos-
sible (Jia and Shi, 2011; Yu and Hou, 2019). Such studies
enabled to find equations for solids which do not involve the
knowledge of the molar volume of liquid.

Surface energy, although not responsible for real adhesion for
polymers (Abbott et al., 2020), dependent on polymer chains
entangling at the interfacial layer, has a significant impact on
choosing of solvents for, especially inorganic, surfaces treat-
ment, e.g. in coating industries or cleaning. This approach is
strictly combined with modern calculation methodologies, en-
abling to group solvents and surfaces into appropriate groups
with possible need for separate theoretical and experimental
treatment (AlQasas et al., 2023).

5.2. Surface/interface hydrophobization by silicone
amphiphiles

Silicones, i.e. macromolecular compounds comprising Si atoms
in polymer chains, bonded to each other typically by oxygen,
comprising Si–O–Si bridges, or rarely by other chemical motifs
(methylene or nitrogen-containing groups), constitute a group
of materials with numerous applications, characterized by hy-
drophobicity, minor reactivity and exceptional stability. Their
applications include coatings, anti-adhesives, paints, ink-jet,
construction materials, insulations etc. (Hill, 2002). Phthalo-
cyanines comprise a wide group of organic compounds with
a planar structure of conjugated aromatic rings and, com-
monly, a central metal atom. The unique electron structure as
well as profound thermal stability (they may be heated even

up to around 400 ◦C) is a key feature for their applications in
energy converting devices, as photosensitizers or additives for
enhanced performance at elevated temperatures (Lamch et al.,
2021). Although frequently mixed with various organics-based
formulations, e.g. lubricants or pastes, they are generally con-
sidered as heterogenous when phthalocyanine plays the role
of filler or pigment, the incompatibility with the majority of
typical organic solvents is well known. The design of mate-
rials consisting of phthalocyanines in silicone matrix may be
very beneficial, due to thermal stability, protection against
unfavorable conditions, especially humidity, as well as chem-
ical resistance. Both phthalocyanines and silicones have not
been extensively studied for HSPs, most possibly due to their
unique structural features (Si–C and Si–O bonds at various
configurations, conjugated aromatic and heteroaromatic rings,
planar structures, etc.). On the other hand, the knowledge of
mutual compatibility between particular phthalocyanines and
silicones is crucial for appropriate design of polymeric host
material in order to reduce unnecessary experimental effort.

Therefore, we performed extensive studies of phthalocyanies
toward their solubility in organic solvents and compatibility
with various silicone structures, utilizing Y–MB approach
by HSPiP software. Firstly, HSPs for different phthalocya-
nines (naphthalocyanine), metallophthalocyanines (zinc (II)
phthalocyanine and iron (II) phthalocyanine) and their deriva-
tives (tetra tert–butyl phthalocyanine) were calculated for
the provided structures in SMILES notation – see Fig. 4. For
any of the studied phthalocyanines the predominant type
of interactions are London (dispersion) forces, while hydro-
gen bonding is negligible. For derivatives with central metal
atom the share of polar interactions is more significant, when
compared with naphthalocyanine without such a motif. On
the other hand, such distribution of particular interactions
is not common among organic solvents, indicating problems
with solubility of numerous phthalocyanines. Therefore, we
calculated the values of HSP distance for a set of different
solvents, adjacent to all 5 clusters (see Sections 3.5 and 3.6).

The data for 15 best solvents in case of each the studied ph-
thalocyanie are gathered in Table 3. For naphthalocyanine and
tetra tert-butyl zinc (II) phthalocyanine, i.e. compounds with
bulky peripheral groups, the most suitable solvents comprise
hydrocarbon-based ones, i.e. cluster “5”, with a few excep-
tions for, especially, aromatic esters (cluster “2”). Majority
of those solvents comprise aromatic or alicyclic rings, provid-
ing interactions with peripheral groups in phthalocyanines.
On the other hand, zinc (II) and iron (II) phthalocyaines
are better soluble in ketones or esters, comprising aromatic
or alicyclic moieties, from cluster “2” or, eventually, “3”, al-
though aromatic hydrocarbons (cluster “5”) may also dissolve
them. Such findings provide valuable data for further de-
sign of silicone-based polymer matrix – generally siloxanes
and/or carbosilnes should possess aromatic and/or aliphatic
side groups in order to prove superior compatibility with the
studied phthalocyanines.
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Table 3. Values of HSP distance and attribution to appropriate cluster for the most compatible solvents for each phthalocyanine (for
their structures see Fig. 4).

Solvent Distance ∆‹, MPa0:5 Cluster Solvent Distance ∆‹, MPa0:5 Cluster

NphPc ZnPc

Toluene 2.87 5 Benzyl benzoate 7.42 2

p-Cymene 3.29 5 Cyclohexanone 8.3 2

Aromatic Hydrocarbons 3.52 5 Cyrene 8.57 3

Ethyl benzene 3.69 5 Butyl benzoate 8.86 2

Solvesso 150 3.69 5 Propylene carbonate 9.08 3

Solvesso 100 3.81 5 Caprolactone (Epsilon) 9.17 3

Xylene 3.99 5 n-Methyl-2-pyrrolidone 9.55 3

Butyl benzoate 4.63 2 Isophorone 9.61 2

Benzyl benzoate 4.71 2 Dimethyl isosorbide 10.49 2

d-Limonene 4.72 5 1-Nitropropane 10.56 2

Cyclopentyl methyl ether 5.14 5 Toluene 10.74 5

Cyclohexane 5.58 5 p-Cymene 10.86 5

FAME 5.82 5 Anisole 10.94 2

Anisole 5.89 2 Tributyl phosphate 10.97 2

Methyl oleate 6.05 5 Methylene chloride 10.99 2

ZnPc–t–but4 FePc

p-Cymene 3.67 5 Benzyl benzoate 5.74 2

Toluene 4.2 5 Cyclohexanone 6.44 2

Ethyl benzene 4.69 5 Butyl benzoate 6.52 2

Solvesso 150 4.69 5 Isophorone 7.45 2

Solvesso 100 4.71 5 Toluene 7.5 5

Cyclopentyl methyl ether 4.72 5 p-Cymene 7.58 5

Aromatic hydrocarbons 5.06 5 Aromatic hydrocarbons 8.14 5

Xylene 5.08 5 Cyclopentyl methyl ether 8.22 5

Tributyl phosphate 5.19 2 Solvesso 150 8.25 5

Methyl iso-amyl ketone 5.28 2 Ethyl benzene 8.25 5

Cyclohexane 5.41 5 Tributyl phosphate 8.28 2

Di-isobutyl ketone 5.43 5 Solvesso 100 8.4 5

d-Limonene 5.43 5 Anisole 8.55 2

Methyl oleate 5.48 5 Xylene 8.56 5

Butyl benzoate 5.55 2 Dimethyl isosorbide 8.63 2

Compatibility between particular phthalocyanine and polymer
matrix may open possibility not only to prepare polymeric
materials of appropriate photochemical or electrical properties,
but also stable dispersions of phthalocyanine-type derivatives
in aqueous systems, when silicone-based amphiphile is used.
On the basis of our studies on solvents for phthalocyanines
we designed three siloxanes (with Si–O–Si bridges in the main
chain) and three carbosilanes (with methylene motifs between

silicone atoms in the main chain) with various numbers of
methyl or phenyl side groups per one building block. The
distances for particular combinations are provided in Table 4.
Moreover, “DIY” menu in HSPiP software enabled to quantita-
tively calculate weight percent solubility of phthaloyanines in
the given polymers – for all combinations there was indefinite
(100%) solubility of the payload in polymer matrix.
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Figure 4. Structures, abbreviations and Hansen solubility parameters for the studied phthalocyanine-type derivatives.

Table 4. HSP distances for particular siloxanes and carbosilanes of the studied phthalocyanines (for their structures see Fig. 4).
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siloxanes carbosilanes

NphPc 8.49 2.97 2.69 7.95 3.05 2.67

ZnPc 15.60 10.83 9.48 15.13 10.89 9.62

ZnPc–t–but4 7.34 4.38 5.41 6.89 4.44 5.32

FePc 12.24 7.59 6.66 11.76 7.66 6.75

Our results clearly show that the introduction of at least one
phenyl motif into siloxane or carbosilane significantly enhances
solubility of all the studied phthalocyaines in polymer matrix.
On the other hand, the difference between appropriate silox-
anes and carbosilanes as well as compounds with two phenyl
motif was far less significant. Therefore, the design of particu-
lar polymers should take into account particular issues: (i) the
viscosity of polymers/oligomers and their derivatives, since
compounds with exclusively phenyl side groups may be exten-
sively viscous; (ii) susceptibility to undergo hydrolysis of short
chained siloxanes, (iii) elasticity of siloxane chains in contrast
to carbosilane ones as well as (iv) brittle nature of numerous
carbosilanes. Therefore, the compromise structures may con-
stitute siloxanes with one methyl and one phenyl side groups.

HSP studies of phthalocyanines in silicone-based polymeric
matrix constitute the first step for the design of numerous
functional materials for paint industries, electronic devices,

sensors, catalyst, etc. The use of HSPiP software, combined
with appropriate clustering efforts, enabled to reduce unnec-
essary experimental efforts and decrease the risk of faulty
results from traditional solubility probing for phthalocyanes
connected with formation of metastable dispersions.

6. CONCLUSIONS

The growing interest of novel materials and processes in
chemical nanoengineering, especially in the field of fine and
specialty chemicals, constitutes an emerging issue of the de-
sign and prediction of crucial physicochemical properties of
the given compounds. Therefore, numerous computational
and semi-experimental approaches have been studied for such
applications, including molecular modeling and machine learn-
ing clustering algorithms for data analyses.
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Nowadays, one of the most general systems is HSPiP
software based on the concept of solubility parameter and
group increment approach. The software enables prediction
of numerous properties, e.g. solubility parameter (‹) and
its components, phase transition temperatures, dependence
on mass solubilities on temperature, flash point, partition
coefficient and viscosity when the structure of particular
compound (even not discovered/synthesized yet!) is known
and given as e.g. SMILES notation. Moreover, HSPiP enables
obtaining some parameters, especially solubility parameter
counterparts of disperse, polar and hydrogen bonding
interactions, by various experimental efforts, especially
inverse gas chromatography and, most commonly, probing
of solubility in various organic solvents.

The use of experimental solubility data for the determination
of HSPs is connected with an important issue of particular
solvent choice. In order to facilitate this issue, we used clus-
tering algorithms to divide the most popular solvents into
a few clusters for statistically more efficient probing toward
experimental approach. Moreover, we attributed the obtained
clusters of solvents to appropriate features, opening the possi-
bility of explaining experimental results with Hansen solubility
parameter theory.

The combination of HSPiP software with proper clustering
methodologies enables the support our recent contributions in
the fields of novel, multifunctional surfactant synthesis, polymer
blends for drug delivery nanosystems, as well as the design of
silicone-based host materials for phthalocyanine-type deriva-
tives. Our efforts enabled to facilitate an effective way to find
out appropriate solvents for surfactant purification, appropriate
polymer blend preparation or phthalocyanine-type derivative
dissolving. The potential of HSPiP software provided also possi-
bilities to study other, more subtle, phenomena, e.g. connected
with temperature dependent solubility in polymer matrix.

Research case studies, presented in this article, were sup-
ported by the National Science Centre of Poland by OPUS
Programme (No. 2022/45/B/ST4/01184, part on the multi-
charge cationic surfactants) and SONATA Programme (No.
2021/43/D/ST8/01992, HSPiP calculations).
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