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Abstract

The size of poly(d, l-lactide-co-glycolide) (PLGA) nanoparticle was influenced by the thermodynamic parameters (after [Sung-Wook
Choi, Hye-Young Kwon, Woo-Sik Kim, Jung-Hyun Kim, Colloids Surf. A Physicochem. Eng. Aspects 201 (2002) 283–289.]) such as mutual
diffusion coefficients (exchange ratio,R) and solvent–polymer interaction parameters (χ). However, this study introduces the concept of
solvent molecular descriptors for elucidating the effect of solvent on the PLGA nanoparticle size in the emulsification–diffusion method.
The most pronounced effects on the nanoparticle sizes have the empirical hydrophilicity index Hy, and the molecular descriptors such as
the Randic shape descriptor. More rigor results that various molecular descriptors have on the PLGA nanoparticle size are obtained by
the molecular descriptors that correspond to the 3D structure of molecules (3D MoRSE descriptors, directional WHIM indicies and the
GETAWAY [Geometry, Topology and Atom-Weights Assembly] molecular descriptors). The derived experimental data correlated well with
information available from other procedures, confirming that this new approach provides complementary insight into the thermodynamics
and the molecular nature of the polymer nanoparticle formation in the solvent type of chemical environments.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

The formation of polymer nanoparticles is of interest in
the pharmaceutical industry to increase the bioavailability
of drugs. Nanoparticles from preformed polymers based on
emulsification–diffusion technique are prepared by emulsi-
fying an organic solution of the drug in an aqueous solution
of a stabilising agent followed by rapid displacement of the
solvent from the internal into the external phase, provok-
ing solid particle formation[1]. Complex hydrodynamic
processes at the interfacial area lead to the creation of
the nanoparticles[2,3]. The formation of nanoparticles at
high solids loading of materials that are sparingly soluble
requires rapid micromixing so that nucleation and growth
occurs under uniform conditions. Furthermore a mecha-
nism for arresting the growth nanoparticles must be devised
to prevent aggregation and growth past the desired size
[4]. In general, the selections of solvent and preparation
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conditions are the most important parameters affecting the
characteristics of polymeric nanospheres. It is believed that
the nanospheres formation involves the mechanism as de-
scribed[5]: stirring causes the dispersion of the solvent as
irregular sized globules in equilibrium with the continuous
phase and the stabilizer is then absorbed on the larger inter-
face created; homogenization further results in the smaller
globules; the addition of water destabilizes the equilibrium
and the diffusion of the organic solvent to the external
surface causes local supersaturation near the interface, and
nanoparticles are formed, due to the phase transformation
and polymer aggregation that occur in these regions[6].
During the transport of solute, globules are produced in
a final colloidal suspension free of organic solvent. The
emulsification–diffusion method has been used successfully
to prepare biodegradable nanoparticles in an efficient and
reproducible manner. The hypothesis of thermodynamic
stabilization of the nanoparticles of a certain size of the
particles by the surfactant molecules has been proposed[7].

Choi et al. [8] have recently quantitatively studied
the emulsification–diffusion method for making poly(d,
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l-lactide-co-glycolide) (PLGA) nanoparticles considering
the thermodynamic parameters, such as diffusion coef-
ficients (Dsw, Dws), exchange ratio (R = Dsw/Dws), and
solvent–polymer interaction parameter (χ). They have found
that R was proportional to the size of the PLGA nanoparti-
cles, whileχ was inversely proportional to it. In the case of
the higher value ofR and lower value ofχ, a small local su-
persaturation region was produced at the O/W interface and
the small nanoparticles separated from the oil globule were
formed in that region. The partially water-soluble solvents
were used for the preparation of nanoparticles: ethyl acetate
(EtAc), methyl ethyl ketone (MEK), propylene carbonate
(PC), and benzyl alcohol (BA). Choi et al.[8] explained
the mechanism of the emulsification–diffusion method
as a combination of solvent-water exchange effect and
polymer–solvent interaction effect. This simple estimation
method is based on correlation with experimental physico-
chemical quantities, such as diffusion coefficients (D) and
solvent solubility (δ). The operational/process parameters
were kept constant in the Choi et al.[8] studies, allowing
us to develop a new approach for judging the effect of sol-
vent on the emulsification–diffusion process by correlating
nanoparticle size with the parameters being calculated only
from molecular structure, such as molecular descriptors.

The use of molecular descriptors to predict quantitatively
environmental or pharmacological activities or properties
such as boiling points, vapour pressures, or chromato-
graphic retention indices of a homologous series of organic
molecules is a modern topic in computational chemistry.
Several physicochemical properties of a compound can be
derived from its structure. Among the properties that can
be computed are for instance the octanol/water partition
coefficient logP, pKa, the molecular polarizability and the
standard heat of formation. Since all of these properties
can be computed also for different solvents, identification
of desirable solvents can be done prior to nano particle
fabrication[9]. In this paper, the size of polymer nanopar-
ticles prepared by emulsification–diffusion process can be
described with only a single parameter, for example by the
molecular descriptor hydrophilicity factor, Hy.

2. Methods

2.1. Computational methods

Solvents molecular descriptors for modeling were com-
puted using the package DRAGON of Todeschini and
Consonni[13]. These descriptors contain information about
the whole molecule in terms of size, shape, symmetry and
atom distribution. These indices are calculated from the
cartesianx; y; z coordinates of a molecule within differ-
ent weighting schemes in a straightforward manner. The
input files for descriptors calculation were obtained from
databases and checked by the structural imaging (ViwerLite
5.0, Accelrys Inc.) and the geometry optimization using

the semiempirical method AM1[10] implemented in the
ArgusLab software[11]. A set of molecular descriptors was
determined for solvents: (a) 1D-descriptors: counting of
atoms and fragments, MW and sum of atomic properties;
(b) 2D-descriptors: topological (from molecular graph); (c)
3D-descriptors WHIM (Weighted Holistic Invariant Molec-
ular) descriptors[12] GETAWAY [Geometry, Topology and
Atom-Weights Assembly], that contain information about
the whole 3D-molecular structure in terms of size, symme-
try and atom distribution. The solvent WHIM 3D-molecular
descriptors are calculated from a weighted covariance ma-
trix obtained by the molecule geometrical coordinates[13].
These descriptors contain information concerning size,
symmetry, shape and distribution of the molecule atoms.

The correlation of 420 descriptors (having different val-
ues for this solvent set) with a given molecular property was
calculated (Statgraphics for Windows, version 2.1, Statisti-
cal Graphics Corp.) and those with small or no correlation
(smaller than a given cut-off) to nanoparticle size were dis-
carded. Overall, 133 descriptors (out of 420) were found
to be statically significant at theP-level of 0.05. The fi-
nal model obtained with single molecular descriptors satis-
fies the consideration that for a study of structure-property
relationship it should be obtained correlation coefficients
above 0.95. The most predictive molecular descriptors were
identified in several stages. At first, the statistical qual-
ity of a single-descriptor logistic model, theP-value, was
assessed for each of the descriptors. Descriptors with the
P-value above 0.05 were then omitted from further analy-
sis. The remaining potentially predictive descriptors were
subsequently analyzed. All possible combinations of 1, 2, 3
and 4-descriptor models, along with a stepwise regression
algorithm, which does not restrict the number of descriptors
in the model cannot be persuaded due to small number of
response data points. Some of the couples of molecular de-
scriptor indices are perfectly correlated (with the coefficient
1), due to small numbers of solvents. It indicates that the two
indices of each pair contain the same information. Among
those descriptors highly correlated to themselves, the ones
that can be most easily interpreted were selected. The data
set was reduced to several descriptors, which are most im-
portant, and their respective correlations with the polymer
nanoparticle size were analyzed.

2.2. Thermodynamic parameters

The (average) polymer particle size is determined by the
solvent–polymer interaction parameter (Fig. 4, ref. [8]).
The particle size decreases non-linearly with increase in the
solvent–polymer interaction parameter,χ. The particle size
can be described by power function:

d = 122.16(χ)−0.671 (1)

whered is the average particle size (in nm) andχ is the
polymer–solvent interaction parameter, withR2 = 0.897.
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The particle size cannot be described by a linear function of
solvent–polymer interaction parameterχ.

The average particle size, also, depends on the mutual
diffusion coefficients ratio, the exchange ratioR (Fig. 3,
ref. [8]). The particle size non-linearly increases with the
increase in the exchange ratioR (Dsw/Dws). The particle size
can be described by exponential function:

d = 109.72 exp(0.2381R) (2)

whered is the average particle size (in nm) andR is the
mutual diffusion coefficients ratio, withR2 = 0.9376. The
linear function is also not appropriate for description of par-
ticle size as a function of the exchange ratioR.

2.3. Solvent molecular descriptors

The relationships between the molecular structures of
organic compounds and their chemical or properties can
be investigated using quantitative structure-property rela-
tionship (QSPR) methods[14]. In the simplest case, this
approach involves linear relationships between an experi-
mentally measured property and some molecular descriptor
or substituent constant scale, derived either from another
experiment or calculated based on the chemical or elec-
tronic structure of the compounds[15]. However, in many
cases single-parameter linear equations are of unaccept-
ably low statistical quality and predictive power that can
result in a subsequent dramatic loss of the physical mean-
ing of the correlations obtained[16]. General classes of
descriptors include topological, geometrical, electronic, and
hybrid representations of the molecules. Topological de-
scriptors are calculated directly from the connection table
representation of the structure and employ methods drawn
from mathematical graph theory. Geometric descriptors are
calculated from 3D molecular models, which are gener-
ated with molecular orbital methods. Electronic descriptors
come from empirical or molecular orbital calculations. The
descriptor selection can be applied and correlated, using
statistical methods, in principle, to any chemical property
that is determined by the molecular structure, and it has
been applied to a wide variety of chemical properties. This
structure-property relationship can model many types of
solute/solvent interaction-dependent chemical properties.
These properties are related to molecular structure through
component contributions to the energy required to stabilize a
solvent-molecule envelope around a solute and the energies
gained/lost from solute-medium electrostatic and hydrogen
bonds. The molecular descriptor is used to find quantitative
mathematical relationships between the intrinsic molecular
structure and observable properties of chemical compounds,
based on a tacit assumption, which can be expressed in
terms of the following equation:

Property= F(molecular structure)

= F(molecular descriptor) (3)

where the property is the magnitude of measured effect
produced by a molecule under preset processing conditions
and right-hand of the equation represents either an empirical
property or a theoretical parameter for the total molecular
structure or relevant substructural fragment(s)[17]. This
approach leads to the belief that a proper choice of molec-
ular descriptors will give a precise prediction of properties
for molecules. The topological, geometrical, and quantum
chemical indices, the three groups of theoretical parameters,
which associates a real number with the chemical structure
based on certain aspects of chemical structure, are numer-
ical descriptors of molecular architecture and quantify such
aspects of molecular structure as size, shape, symmetry,
complexity, branching, etc. An advantage of the exclusive
use of the theoretical descriptors is that they are free of
the uncertainty of experimental measurements. Andersson
et al. [18] have compared the information content in mea-
sured physicochemical and some calculated descriptors.
Their results show that the descriptor sets contain similar
information for the data sets investigated. Thus, the work
presented is focused on the use of calculated descriptors,
as distinction to the Choi et al.[8] approach that used only
measured (or derived) properties.

The partitioning of polymer into different solvent/non-
solvent phase compartments depends mainly on the
physico-chemical properties of the studied chemicals. The
effect of the interaction between solvent and water should
be incorporated in the model, as this is reflected in differ-
ent particle size depending on the quality of solvent[19].
However, due to strong non-linear particle size dependence
on the thermodynamic parameters[8], another approach
should be tried. The influence that the solvent properties
descriptors have on the nanoparticle size prepared in the
preset processing “window”, is determined here by more
rigor molecular descriptor parameters.

2.4. Correlation of molecular descriptors and nanoparticle
size

Use of a more water–miscible solvent has been shown to
improve solvent extraction for preparing polymeric spheres
[20]. Thus, the empirical molecular descriptor, hydrophilic
factor Hy, is the first choice for describing such tendency.
The Hy describes hydrophilicity, the tendency of a solvent
molecule to be solvated by water. Hydrophilicity index (Hy)
is a simple empirical index based on the counts descriptors
obtained as a function of the count of the hydrophilic groups
and it is defined as[13]:

Hy =

(1 + NHy)log2(1 + NHy)

+NC((1/A)log2(1/A)) +
√

NHy/A2

log2(1 + A)
(4)

whereNHy is the number of hydrophilic groups (-OH, -NH,
-SH), NC the number of carbon atoms andA the number of
atoms (hydrogen excluded).
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Fig. 1. The correlation of PLGA particle sized (nm) with the empiri-
cal hydrophilic factor Hy; full line:d (nm) = 258.4(Hy) + 293.43; R2

= 0.9535.

The particle size in emulsion–diffusion process[8] show
a good linear correlation with the empirical solvent hy-
drophilic molecular descriptor Hy (Fig. 1). In the range of
nanoparticles produced by emulsification–diffusion process
the solvent hydrophilic descriptors Hy is highly correlated
with the nanoparticle size (R2 = 0.9535); however, the com-
parable linear correlation with the interaction parameterχ

has much lower correlation factor ofR2 = 0.7176. Con-
struction of linear regression models containing non-linear
terms is most often prompted when the data is clearly not
well fitted by a linear model, but where regularity in the data
suggests that some other model will fit. Non-linear depen-
dency of properties on molecular or/and topological param-
eters became apparent early in the development of models
and a first approach to the solution of these problems in-
volved fitting a non-linear function[21]. The corresponding
power function of the particle size versus. the hydrophilic
descriptor Hy is given by:

d = 103.63(−Hy)−0.4735 (5)

whered is the average particle size (in nm) and (−Hy) is
the negative value of the hydrophilic molecular descriptor,
with R2 = 0.9622. However, such non-linear function does
not improve the model.

We can conclude that the combination of solvent/water
exchange effect and polymer/solvent interaction effect, that
Choi et al.[8] used to explain the mechanism for making
polymer particles, can be simulated, even better, with sin-
gle parameter, and that is the solvent hydrophilic molecular
descriptor Hy.

The hydrophilic desciptor Hy is positively correlated
with the GETAWAY molecular descriptor H2p, a H auto-
correlation of lag 2 (weighted by atomic polarizabilities) (R
= 0.9989), and with the 3D MoRSE molecular descriptors
(calculated by summing atom weight by a different angular
scattering function)[22]: Mor14u (R = 0.9988), Mor14e (R
= 0.9984), Mor16u (R = −0.9969), where the 3D MoRSE
descriptors are: Mor14u signal 14 unweighted, Mor14e
signal 14 weighted by atomic Sandersons electronegativ-
ities, and Mor16u signal 16 unweighted. The hydrophilic

desciptor Hy is positively correlated with the topological
descriptor, the polarity number Pol (R = 0.9980). Another
set of good, positive correlations is found with the GET-
AWAY molecular descriptors (calculated from the elements
of the leverage matrix obtained by the centred atomic co-
ordinates (molecular influence matrix);R+ descriptors are
obtained from the leverage/geometry matrix) ofR maxi-
mal autocorrelation of lag five weighted by atomic van der
Waals volumes (R5v+, R = 0.9984), weighted by atomic
masses (R5m+, R = 0.9974) and weighted by atomic po-
larizabilities (R5p+, R = 0.9973).

The hydrophilic desciptor Hy is negatively correlated (R
= −0.9900) with the Randic molecular profile[23], SHP2,
the average shape profile index of order two (a molecular
descriptor derived from the distance distribution moment of
the geometry matrix, defined as the average row sum of its
entries raised at the second power, normalized by the factor
2!). The hydrophilic desciptor Hy is negatively correlated
with the 3D MoRSE molecular descriptors (obtained by
radial functions centred on different interatomic distances):
Mor13m (R = −0.9939) and Mor13e (R = −0.9870),
where are the 3D MoRSE descriptors: Mor13m, signal
13 weighted by atomic masses, and Mor13e, signal 13
weighted by atomic Sandersons electronegativities. Also,
negative correlations are observed with the third compo-
nent accessibility directional WHIM indicies (obtained as
statistical indicies of the atoms projected onto the three
principal components obtained from weighted covariance
matrices of the atomic coordinates): unweighted E3u (R
= −0.9895), and E3p weighted by atomic polarizabilities
(R = −0.9864). Slightly weaker correlation has been found
for the third component size directional WHIM indicies:
L3u unweighted (R = -0.9894), L3p weighted by atomic
polarizabilities (R = −0.9877), and L3v weighted by van
der Waals volumes (R = −0.9862).

These correlations with the empirical molecular descriptor
hydrophilicity Hy indicate that these corresponding molec-
ular descriptors could be also suitable for the modeling of
the nanoparticle size in emulsion–diffusion process[8]. The
nanoparticle size function may be described by any of here
given molecular descriptors (positively or negatively corre-
lated with hydrophilic factor Hy).

It is interesting that the best correlation with the nanopar-
ticle size shows a topological index, ATS3v (Fig. 2), which
is essentially a numerical molecular descriptor, encoding
both molecular structure and physico-chemical properties
of a molecule [24]. Moreau and Broto autocorrelation
vectors are calculated from the molecular graph, by sum-
ming the products of atom weights of the terminal atoms
of all paths of the considered path length (the lag)[25].
Molecular surface properties such as the electrostatic or the
hydrophobicity potential are condensed into an autocorrela-
tion descriptor[26]. This 2D autocorrelation descriptor has
been used to estimate logP-values[27].

The second best non-empirical solvent molecular descrip-
tor is the Randic molecular profile[28] SHP2, the average
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Fig. 2. The particle size correlation with the 2D molecular descrip-
tor ATS3v, Broto-Moreau autocorrelation of a topological structure-lag
three weighted by atomic van der Waals volumes; full line:d (nm)
= 21.455(ATS3v)+ 12.672;R2 = 0.9995.

shape profile index of order second, giving the particle size
by (almost perfect) linear function (Fig. 3).The correlations
of molecular descriptors and nanoparticle sized (nm) are
even better than that with the empirical hydrophilic factor
Hy. The Randic index can be interpreted as the relative
molecular area of the external accessibility[29]. This area
represents the total area accessible from the environment
surrounding the molecule. From the constitutional descrip-
tors, a good correlation (R2 = 0.9959) with particle size
shows the mean atomic polarizability (scaled to carbon
atom) (Mp) (Fig. 4). Atomic polarizability is a sum over
all atoms in the molecule and describing the molecule’s
ability to polarize in a magnetic field, the more polarizable
molecules are more toxic. This constitutional descriptor re-
flects the importance of the bulk of the (solvent) compound
and the hydrophobically active surface area of the molecule
in the nanoparticle formation. The good correlation (R2

= 0.9949) is observed also for the topological descriptor,
the conventional bond-order ID number (piID). BCUT de-
scriptors (based on molecular graphs as a source of different
probability distributions), and obtained from the positive
and negative eigenvalues of the adjacency matrix, weighting
the diagonal elements with atomic weights, are fairly good
correlated with the particle size, especially the BELm3,

Fig. 3. The particle size correlation with the Randic molecular profile
SHP2, the average shape profile index of order 2; full line:d (nm)
= −359.92(SHP2)+ 464.33;R2 = 0.9987.

Fig. 4. The particle size correlation with the mean atomic polarizability
(scaled to carbon atom) (Mp); full line:d (nm) = 1635.5(Mp) – 817.58;
R2 = 0.9959.

lowest eigenvalue number three of burden matrix weighted
by atomic masses (R2 = 0.996). Burden[30] has developed
a simple approach to convert the molecular structure into a
matrix and its both lowest eigenvalues uniquely describe the
molecule. GETAWAY group of descriptors[31,32] which
are based on a leverage matrix similar to that defined in
statistics and usually used for regression diagnostics. These
molecular descriptors try to match the 3D molecular geom-
etry provided by the molecular influence matrix and atom
relatedness by molecular topology, with chemical informa-
tion by using different atomic weight schemes. The most
pronounced correlation (R2 = 0.9944) of all GETAWAY
descriptors shows the R4p+, theR maximal autocorrelation
of lag four weighted by atomic polarizabilities. The geomet-
rical descriptor[33,34] G1, the gravitational index is well
correlated (R2 = 0.9948) to the nanoparticle sized (nm).
From the 3D-MoRSE descriptors[35], calculated by sum-
ming atom weights viewed by a different angular scattering
function, the best correlated (R2 = 0.995) to the nanoparti-
cle size is the Mor13u, 3D-MoRSE signal unweighted.

The molecular descriptor, which is a very simple measure
of the hydrophobic/lyophilic character of a given substance
(i.e. the molecular partition coefficient in 1-octanol/water
system) [36,37] can be modeled by the Moriguchi oc-
tanol/water partition coefficient, MlogP[38,39]. However,
this molecular descriptor MlogP does not show pronounced
correlation (R2 = 0.7211) to the nanoparticle size.

3. Discussion

The properties of solvents affect the nanosphere properties
mainly by influencing the removal rate of the solvents[40].
Solid polymeric spheres are formed essentially in two steps,
i.e., solvent extraction followed by solvent evaporation, and
in both processes the solvent properties play key roles[41].
Changes in physical properties such as lipophilicity (logP)
or volatility (log Vp) can affect, for example, whether the
solvent moves in aqeous phase and perhaps evaporates to
air.
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The solubility in water of the solvent determines the
extraction rate, while the evaporation rate depends on its
boiling point. Generally, faster extraction rate, indicated by
higher solubility in water, and faster evaporation rate, indi-
cated by lower boiling point, leads to faster solvent removal
and faster nanosphere formation. According to the water
solubility and boiling point of the solvents, the extraction
rate should decrease in the order from miscible down to
less soluble solvent in water, while the evaporation rate of
least soluble solvent should be the highest. Choi et al.[8]
experiments showed that solvent extraction rate (the faster
diffusion of solvent to water,Dsw) was directly related to
the increase in the particle size of the nanospheres formed.
This implies that, under these experimental conditions,
rapid removal of the solvent resulted in spheres with a loose
matrix and large size[42].

The proposed nanoparticle formation mechanisms are in
line with solvent/water based interplay. Thus, the correlation
of the aqeous solubility of solvents with the parameters being
calculated only from molecular structure using descriptors of
various types[43,44], can be used to interpret the nanopar-
ticle formation. Three types of interactions participate in the
solvent/ solute based properties: cavity effects, polarizability
and dipolarity, and hydrogen bonding[45]. The molecular
volume (V) is the key term to aqeous solubility predicition
[43]. In order for a solute to enter into aqeous phase, a cav-
ity must be formed for the solute molecule to occupy. Water
as a solvent would much prefer to interact with itself than
with a nonpolar solute[46], so that the larger molecules have
lower aqeous solubility. However, although molecular vol-
ume (or Mv, the mean atomic van der Waals volume, scaled
to carbon atom) can by itself predict nanoparticle size to rea-
sonable accuracy (R2 = 0.9775), this relationship is not as
well as other descriptor relationships. The electrostatic in-
teraction, that participates in the solvent/solute based prop-
erties, the mean atomic polarizability (Mp,Fig. 4) is the best
descriptor for the nanoparticle size. The models of aqeous
solubility were derived using only molecular connectivity
indicies [44]. The first-order (1χv) valence molecular con-
nectivity index, is calculated from the non-hydrogen part of
the molecule[47]. This topological descriptor, the valence
connectivity index[47], X1v, also shows a fair correlation
to nanoparticle size (R2 = 0.9224).

It is very interesting that the similar descriptors are used
to describe the critical micelle concentration of surfactants
[48,49]. The properties of 77 diverse nonionic surfactants
were very well correlated (R2 = 0.983) with only three
theoretical molecular fragment descriptors[50]. Signifi-
cantly, two of these descriptors are topological expressions
for the hydrophobic tail and the third descriptor represents
the size and polarity of the hydrophilic head. This makes
attractive approach for describing the formation of the
surfactant-modified nanoparticles.

The boiling point of any chemical can be explained ther-
modynamically as the temperature at which the thermal en-
ergy of the particles is sufficient to break the cohesion forces

which keep the substance in the aggregation state which
characterizes the liquid phase, and allows an estimative of
the evaporation of chemicals. The boiling point of solvents
can be related to the van der Waals forces for non-polar
molecules, which are weaker than the dipole forces charac-
teristic for polar molecules[51]. The energy of these kind of
intermolecular forces is closely related to structural size and
molecular branching[52]. The boiling point[53] or vapour
pressure[54] can be modelled by molecular descriptors, and
parameters such as molecular weight, volume, surface area
and Randic connectivity index are required to model boil-
ing point. Also, the molecular descriptors used to model the
boiling point of aliphatic hydrocarbons by the neural net-
works included the first, second, third, and fourth order va-
lence molecular connectivity indices, a second-order kappa
shape index[55,56], dipole moment, and molecular weight
[57]. The kappa shape index index quantifies the structure of
compounds in terms of its relative starlikeness and straight
chainlikeness shape. Of course, the increase in the total area
accessible from the environment surrounding the molecule,
that is of Randic index, the number of intermolecular inter-
actions increase producing an increment in the boiling point
and explaining the correlation of this index with this exper-
imental property. It also explains the success of this index
in describing solubility, partition coefficients or nanoparticle
size (in emulsion–diffusion method).

Another attempt was made to elucidate mechanisms of
formation of nanoparticles in terms of interfacial turbulence
between two unequilibrated liquid phases involving flow,
diffusion and surface tension decrease[2]. When the poly-
mer solution is dispersed into the aqueous solution, the per-
turbation of the interface spontaneously produces a larger
interfacial area, which leads to nano-sized quasi-emulsion
droplets of polymer solution. Long-range forces like elec-
trostatic interactions and van der Waals forces may lead to
attraction or repulsion between the different nano droplets
as well as between the nano droplets and the interface[58].
This interfacial turbulence would be governed by the well
known Marangoni effect[59]. This effect can be attributed
to the surface tension gradient induced by the concentration
(or temperature) gradient in the interface layer formed in
front of the solidifying interface. It is well known that inter-
facial Marangoni instabilites may dominate the mass trans-
fer across the interface[60], and this mass transfer across
the interface induces the formation of nano droplets in the
close vicinity of the interface. This disturbance enhancement
is supressed by thermal diffusitivity and the dynamic vis-
cosity of the liquid. These physicochemical parameters can
be also derived from the structure[61]. However, one needs
several molecular descriptors for prediction of these proper-
ties[62]. The point that some of them are encoding the size
and shape properties of each solvent molecule correspond to
the molecular descriptors used here for the correlation with
the particle size.

The process of nanoparticle formation depends both on
complex processing and on compound physicochemical
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properties (including solubility). Therefore, we do not ex-
pect that this molecular descriptor model derived using
only a small number of diverse solvent compounds will
be a highly precise and rugged tool. A much larger data
set, presently unavailable in the published literature, would
be required to build a model based not only on structural
diversity but also on diverse physicochemical properties.
However, as shown in figures, this model produces an exact
rank ordering. The selection of the of molecular descriptors
that are correlated with the nanoparticle size seems to have
a natural association with solvent activity, where the 3D
structure recognition of a given solvent is responsible for
the behaviour in the emulsification–diffusion formation of
nanoparticles. However, the sophisticated representation of
these descriptor classes impedes a simple interpretation of
the mechanism of nanoparticle formation. Thus, we can only
rely on these single descriptors models as an instrument of
correlating the solvent activity in the nanoparticle formation.

One can argue about difficulties and oversimplifications as
well as about advantages and opportunities of molecular de-
scriptor approach to nanoparticle size prediction. Questions
have been raised about defining relative activities, about the
rational reasons for the observed strong correlation. Notwith-
standing the validity of such concerns and the lack of under-
standing of underlying mechanisms due to the complexity
of nanoparticle systems, empirical schemes offer a useful
tool to help to filter out from a collection of solvent struc-
tures less desirable ones, even if they may not point the most
desirable ones[63]. The molecular descriptor approach em-
ployed here appears capable of resolving some of the above
concerns. The significant difference to Choi et al.[8] ap-
proach is the need to compare the same compound (PLGA)
with respect to the different solvents. This is a problem in
ordering of the solvents in the nanoparticle formation mod-
eling, because in this case, the comparison is performed only
between the competing proceses of a single polymer. There-
fore, even a limited comparison of molecular descriptors
with the polymer nanoparticle size model is appropriate.

4. Conclusions

The main goal of the presented study was to evaluate
the classes of molecular descriptors that can be used to de-
scribe the experimentally observed nanoparticle formation
in the emulsification–diffusion process. Our preliminary
results demonstrate that the most promising molecular
descriptors are derived from either 3D or 2D molecular
structure indices, which are based on radial distribution
functions, topological indices, or autocorrelation functions.
These classes of descriptors seem to be naturally related to
the solvent activity as they associate the solvent properties
with a 3D structure and shape of the solvent molecules.
These results suggest that a molecular descriptor model of
nanoparticle formation may be built by using only a single
appropriate parameter, although the relevance of the identi-

fied descriptors to the continuous-scale correlation has yet
to be shown, due to very limited number of data points.

The data reveal indeed that the particle size correlates al-
most perfectly (for the given set of experimental conditions)
with the hydrophilicity factor, Hy, and also with other, more
dimensional molecular descriptors of the solvent used for the
preparation of the starting polymer solution. This is on the
one hand an interesting and on the other hand a surprising
result as the particle formation mechanism is rather com-
plex involving at least the emulsification step, the solvent
re-equilibration after addition of excess water, and finally
the build-up of a supersaturation at the droplet interface fol-
lowed by nucleation and growth. Of course it is clear that the
water solubility of the solvents (or the hydrophilic factor)
has a strong influence on that kind of particle formation.

The single solvent molecular descriptor can describe
the PLGA nanoparticle size in the emulsification–diffusion
method. The size of PLGA nanoparticle can be described
by empirical molecular hydrophilic desciptor Hy, but also
with the more rigorous molecular descriptors, such as the
3D Randic molecular shape descriptor SHP2.

These results illustrate the tremendous complexity that
can be achieved in emulsification–diffusion process and
point toward the factors that control such complexity, be-
yond the thermodynamic parameters[8] such as mutual dif-
fusion coefficients (exchange ratio,R) and solvent–polymer
interaction parameters (�). The molecular descriptors ap-
proach, in the preset processing “window”, provides a
rational basis for the selection of solvent to control the size
of PLGA nanoparticles.

From a set of several hundreds molecular descriptors,
it was possible to select a few of them to construct linear
regression models with good predictability for the final
polymer nanoparticle size. We have shown that molec-
ular descriptor method is a quite suitable tool to model
nanoparticle size data for a representative set of several sol-
vent compounds encompassing a variety of mechanisms of
solvent–polymer interaction parameters and exchange ratio.
In fact, fitting equations yield satisfactory predictions for
the completely molecular set. We have resorted to correlat-
ing and describing properties by linear equations, since the
number of molecules within each molecular subset is rather
scanty, so that results wouldn’t be statistically significant
for higher order equations.

Among the molecular descriptors chosen in the present
study, the best model of nanoparticle size is that one base on
the Randic molecular shape descriptor (i.e. SHP2). Despite
different intimate mechanisms occurring between different
chemical compounds comprising the present molecular set,
we have gotten a highly predictive, global approach.

Present one parameter approach to the prediction of
nanoparticle size (under preset processing conditions) ap-
pears to have wide potentiality to a number of polymers, at
separate processing levels.

Recent results have indeed suggested that the underlying
structure/contributions to molecular descriptors are relevant
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to nanoparticle formation. Our results suggest that the pre-
sented molecular descriptors are useful not only for physical
property modeling but also in nanoparticle formation mod-
eling. This study, however, only illustrates the potential of
using molecular descriptor methods to aid in the nanoparti-
cle formation development process.

References

[1] D. Quintanar-Guerrero, E. Allemann, E. Doelker, H. Fessi, Pharm.
Res. 15 (1998) 1056–1062.

[2] H. Fessi, F. Puisieux, J.P. Devissaguet, N. Ammoury, S. Benita, Int.
J. Pharm. 55 (1989) R1–R4.

[3] T. Niwa, H. Takeuchi, T. Hino, N. Kunou, Y. Kawashima, J. Con-
trolled Release 25 (1993) 89–98.
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