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bstract

High efficiency in polymorph screening and crystallization optimization can be gained by judicious selection of solvents for the study design.
xamination of all 57 (classes 2 and 3) pharmaceutical solvents may enable a complete study design but is costly in terms of time and resources.
ased on a 17 descriptor dataset specifically constructed for all the classes 2 and 3 pharmaceutical solvents recognized by the International
onference of Harmonization (ICH), an optimal two-stage cluster analysis was carried out together with principal component analysis as a
imensionality and colinearity reduction pre-processor. Both hierarchical average linkage cluster analysis and non-hierarchical K-means clus-
er analysis converged on a 20-cluster solution with strong statistical criteria support and excellent agreement in cluster memberships, which
an be reasonably interpreted from a chemical perspective. This 20-cluster solution is offered as an option for design of more efficient solid

tate screening studies. Rather than designing a polymorph screen to include all 57 solvents, the inclusion of a single member from each
f the 20 clusters would be expected to adequately represent the full range of solvent properties exhibited by the entire 57 member solvent
et.

2007 Elsevier B.V. All rights reserved.
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. Introduction

Identification of the appropriate solvents to include in phar-
aceutics study design is key to execution of meaningful and

fficient studies. The choice of solvents to include in an efficient
nd effective polymorph screen, identification of solvents for
ptimizing crystallization yields and purity, selection of opti-
al solvent(s) for facilitating reaction rate and completion, and

he choice of most efficient solvents for effecting analytical
r preparative separations are typical examples of how solvent
election impacts everyday decisions and work efficiency. The
hoice of solvent(s) is traditionally based upon existing solvent
lassification schemes and often the experience of the chemist.
ommonly used classifications recognize differences in solvent
strength” based upon acidity, polarity, volume and/or solubility

r other characteristics. The insight that interactions involv-
ng numerous solvent properties may be important, particularly
n the choice of solvents for polymorph screens, has recently

∗ Corresponding author. Tel.: +1 607 335 2601; fax: +1 607 335 2300.
E-mail address: redmanfurey.nl@pg.com (N. Redman-Furey).
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h screening

esulted in the use of statistical tools to evaluate multiple solvent
arameters and attempt to group solvents using cluster analysis.
u et al. (2004) applied cluster analysis to 96 solvents using

ight solvent parameters including hydrogen bond donor and
cceptor propensity as well as several bulk solvent properties.
his study considered significantly more parameters than those
f previously reported studies Snyder (1978) and Carlson (1992)
hat were merely based on single or a small number of solvent
roperties.

Although the solvents used in the Gu study exhibited a broad
ange of properties, a significant portion were not pharmaceuti-
ally related and many solvents of pharmaceutical interest were
ot included. In this paper, we focus on the most commonly used
harmaceutical solvents, i.e. all of the classes 2 and 3 solvents as
ecognized by ICH (International Conference of Harmonization,
.S. FDA, 1997). The objective of this paper was to quantify

hemical intuition in the grouping of pharmaceutical solvents
ssessing the use of a broader range of solvent properties than

reviously evaluated.

The statistical method used here does not lead to an all encom-
assing, rigid classification of solvents, rather, the exploration
f a quantitative, logical approach on rational identification of

mailto:redmanfurey.nl@pg.com
dx.doi.org/10.1016/j.ijpharm.2007.03.002
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olvents based on their similarities/dissimilarities. A grouping
f 20 clusters is provided, justified by rigorous statistics. Opti-
ally, an investigator may be able to use one solvent from each of

he clusters within a polymorph to test the diversity anticipated
rom the entire set 57 pharmaceutically acceptable solvents, cut-
ing the testing by more than half. For investigators willing to
isk more or less in test reduction, the collection and choice
f descriptors is fully described to enable future researchers to
djust statistical treatments to address more specific clustering
oals. For some, the less diverse clustering of 12 groups may
e adequate while for highly sensitive systems, the 22 cluster
pproach may be more appropriate. The full hierarchy of clus-
ering is shared to enable the reader to fully explore the utility
f the proposed clusters.

. Database and analysis methods

.1. Solvent subjects

The 57 classes 2 and 3 pharmaceutical solvents recognized by
CH and water were included in this study. The xylene mixture
as divided into m-xylene, p-xylene, o-xylene and ethyl benzene

nd they were treated as individual solvents in this study.

.2. Data collection

In an effort to better represent the solvents in all possi-
le aspects, 231 solvent physicochemical descriptors ranging
rom experimentally measured variables to molecular prop-
rties calculated from various quantitative structure property
elationships (QSPR), empirical/semi-empirical and quantum
echanical methods were collected on the initial data set. The

xperimental data were taken from over 15 published journals,
hemical handbooks and online chemical databases. A series
f 170 molecular descriptors were computed using ADAPT
Stuper and Jurs, 1976; Jurs et al., 1979), a software package
eveloped by Peter Jurs of the Pennsylvania State University.
bout 30 hydrogen bond related descriptors were calculated
y HYBOT 3D, a hydrogen bond thermodynamic package
eveloped by Raevsky (1997) and Raevsky and Skvortsov
2002).

.3. Multiple imputation of missing data

The treatment of missing values was carefully considered.
his was important because subjects with missing value(s)
ould have been excluded by commonly used statistical soft-
are packages (i.e. SAS) from cluster analytic procedures which

equire a complete data matrix. To avoid the potential for bias
ue to case deletion and the pitfalls associated with ad hoc impu-
ation procedures such as mean substitution, multiple imputation
as used to develop a “complete” dataset. Instead of replacing

ach missing value with a set of m > 1 plausible values drawn

rom their prediction distribution (Rubin, 1987), a QSPR type
trategy was adopted to replace missing values with the average
alue of two structurally similar compounds whose data were
vailable.

t
i
t
o
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.4. Data set refinement

Although the preliminary data set was extensive, a smaller
ata set was desired for more efficient and straightforward
nalysis. Since the time complexity for a typical hierarchical
luster analysis is O(n2) or greater, reducing the size of the
ata set would significantly improve the computation time. After
areful review of technical background, the completeness and
eliability of all the descriptors, 40 out of the initial 231 descrip-
ors were selected as the first refinement of the data set. This
eduction in size was the result of culling out the obviously
edundant descriptors, the removal of descriptors for which too
ew data values were available, and the removal of calculated
escriptors that included descriptors already chosen for inclu-
ion. For instance, most of the references examined provided
ome measurement of fundamental solvent properties such as
cidity, polarizability, or refractive index although they were
ften identified by differing symbols or names. Rather than
uplicating descriptors, the data set that was most complete
nd that appeared most consistent with other available litera-
ure was chosen to represent that parameter. For parameters that
ppeared to be unique but for which there was incomplete data
nd no obvious means to reliably extrapolate from known com-
ounds, the descriptor was discarded. The largest decrease in
umber of descriptors occurred by discarding those that were
erived from calculations involving descriptors already included
n the database. To the extent possible, data was validated by
omparison across references and publicly available databases.

A closer look at the refined data matrix revealed further
imensionality reduction was possible due to the correlation
etween the descriptors. Data correlation can severely deteri-
rate the quality of the statistical analysis results, particularly to
ierarchical cluster analysis. By clustering and removing closely
orrelated descriptors (|r| >= 0.9), we effectively brought the
otal number of descriptors from 40 down to 17. A final data
et was built on the 17 variables (see Table 1) whose Pearson
orrelation coefficient matrix is shown in Table 2. Again, when
liminating descriptors identified as redundant upon statistical
valuation, efforts were made to retain those descriptors with
he fewest extrapolated data points and to retain those with the
reatest substantiation from the literature.

.5. Detail of basis descriptors

The final set of solvent descriptors included experimental
roperties from literature and computed properties based on
D molecular geometries. Both were indispensable and con-
ributed a more complete picture of the solvents. Each of the 17
escriptors is discussed below.

The index of refraction (n) is often used to describe the polar-
zability and London interactions (or dispersion) of solvents.
ecause of the availability of the data, a standard temperature
f 20 ◦C was selected. The cohesion of a solvent (as a measure of

he energy required to create a cavity in the solvent) was approx-
mated by using the δ parameter of Hildebrand, which equals
he square root of cohesive energy density. The bulk properties
f: boiling point, BP, viscosity (η) and surface tension (γ) pro-



D
.X

u,N
.R

edm
an-F

urey
/InternationalJournalofP

harm
aceutics

339
(2007)

175–188
177

Table 1
Final 17-descriptor data set for 58 pharmaceutical solvents

Solvent ID SIAEprobe SIEDprobe VOL PPSA-1 PNSA-1 CNTA PNHS-1 n πH
2 γ ε μ Φ η δ PI BP

1,1,2-Trichloroethene −3.7714 0 350.1 44.02 212.3 0 0 1.477 0.37 41.45 3.42 0.77 0 0.55 18.76 3.2 87
1,2-Dichloroethene −6.94 0 308.8 77.09 157.3 0 0 1.449 0.61 45.86 9.2 1.9 0 0.45 19.48 3.9 60.5
1,2-Dimethoxyethane −51.7584 0 420.5 265.5 35.05 2 58.07 1.38 0.66 32.38 7.2 1.71 0 0.45 17.73 4.3 84.1
1,4-Dioxane −48.687 0 360.4 211.9 46.21 2 59.47 1.422 0.75 47.14 2.2 0 0 1.21 20.16 2.2 101.3
1-Butanol −34.6322 −10.3407 386 236.3 39.46 1 63.32 1.399 0.42 35.88 17.8 1.66 0 2.6 23.3 4.4 117.7
1-Pentanol −35.2572 −10.9686 441.2 269 39.7 1 63.48 1.41 0.42 36.5 13.9 1.7 0 3.43 22.6 4.1 137.8
1-Propanol −35.1683 −10.7457 325.4 204.4 39.2 1 63.67 1.385 0.42 33.57 20.33 1.68 0 1.94 24.6 4 97.2
2-Butanol −23.228 −9.5546 376.7 233.6 36.03 1 47.02 1.398 0.36 32.44 16.68 1.66 0 3.25 23.8 4.3 99.6
2-Butanone −20.405 0 356.6 215.3 45.24 1 43.49 1.379 0.7 34.5 18.4 2.76 0 0.4 18.8 4.4 79.6
2-Ethoxyethanol −52.4471 −11.1439 420.7 253.6 48.34 2 75.61 1.405 0.5 40.8 2.41 2.08 0 1.87 21.54 2.7 135
2-Hexanone −20.4209 0 480.7 279 46.5 1 43.23 1.401 0.68 36.63 14.6 2.68 0 0.56 18.14 4.1 127.7
2-Methoxyethanol −60.3736 −10.5643 359.2 217 48.23 2 92.98 1.402 0.5 44.39 16.93 2.04 0 1.39 23.2 4.4 124.4
2-Methyl-1-propanol −26.4942 −11.3138 377.4 231.1 36.58 1 56.5 1.396 0.39 32.38 17.7 1.64 0 3.27 23.8 4.4 107.7
2-Propanol −32.6688 −10.8236 324.3 197.8 41.2 1 53.63 1.378 0.36 30.13 19.92 1.66 0 1.96 23.6 3.9 82.3
acetic acid −27.2151 −27.7826 269.7 131.6 80.57 2 89.7 1.372 0.65 39.01 6.2 1.74 0 1.13 18.4 4.8 117.9
Acetone −30.4565 0 299.9 182.1 47 1 53.66 1.359 0.7 33.77 20.7 2.88 0 0.31 19.8 5.1 56.3
Acetonitrile −18.5655 0 240.6 132.5 61.99 1 0 1.344 0.9 41.25 37.5 3.92 0 0.35 24.09 5.8 81.6
Anisole −19.9958 0 442.2 211.6 93.56 1 27.24 1.517 0.75 50.52 4.3 1.36 0.75 1.06 20.1 3.9 153.6
Butyl acetate −14.1362 0 510.4 291.9 57.44 2 55.41 1.395 0.6 35.81 5.1 1.84 0 0.68 17.6 3.3 126
Chlorobenzene −2.3643 0 401.6 131 150.4 0 0 1.524 0.65 47.48 5.6 1.69 0.86 0.73 19.26 2.7 131.7
Chloroform −1.2276 0 313 25.17 209.1 0 0.38 1.446 0.49 38.39 4.8 1.01 0 0.54 19.03 4.1 61.2
Cumene 0 0 522.5 259.6 81.47 0 0 1.492 0.49 39.85 2.4 0.39 0.67 5.97 17.5 1.6 152.4
Cyclohexane 0 0 408.4 271.2 11.21 0 0 1.427 0.1 35.48 2 0.61 0 0.9 16.7 0.2 80.7
Dichloromethane −2.6312 0 269 58.7 151.6 0 3.99 1.424 0.57 39.15 9.1 1.6 0 0.44 20.38 4 39.8
Dimethyl sulfoxide −41.2269 0 322.3 192.3 46.11 1 63.11 1.417 1.74 61.78 46.68 3.96 0 1.97 26.3 5.8 189
Ethanol −36.4423 −11.3162 267.2 172.4 38.43 1 64.33 1.361 0.42 31.62 24.55 1.69 0 1.06 26.4 4.3 78.3
Ethyl acetate −15.7045 0 394.3 227.6 56.43 2 56.55 1.372 0.62 33.67 6.08 1.78 0 0.42 18.3 4.4 77.1
Ethyl benzene 0 0 470.7 232.4 84.54 0 2.24 1.496 0.51 41.38 2.45 0.59 0.75 0.63 17.4 2.4 136.19
Ethyl ether −18.154 0 390.1 258 25.32 1 12.45 1.353 0.27 23.96 4.3 1.15 0 0.22 15.5 2.8 34.4
Ethyl formate −23.5258 0 334.8 172.4 79.02 2 88.72 1.36 0.66 33.36 7.1 1.93 0 0.38 18.9 4.9 54.3
Ethyleneglycol −68.9093 −21.8239 297.9 168.3 60.67 2 127.7 1.432 0.9 69.07 37.7 2.31 0 17.65 34.48 5.8 197.3
Formamide −39.857 −28.5611 222.3 116 67.87 1 88.86 1.447 1.3 82.08 84 3.73 0 3.33 39.28 9.6 219.9
Formic acid 0 −17.5818 209 82.77 92.33 2 114.6 1.371 0.6 53.44 58 1.42 0 1.64 21.4 7.1 100.6
Heptane 0 0 529.1 336.4 19.02 0 0 1.388 0 28.28 1.92 0 0 0.5 15.2 0.1 98.4
Hexane 0 0 479.6 304.3 18.38 0 0 1.375 0 25.75 1.88 0 0 0.3 14.99 0.1 68.7
Isoamyl alcohol −35.0654 −10.5121 438.5 255 42.86 1 62.93 1.407 0.39 34.13 15.63 1.8 0 3.69 22.3 4.2 131.2
Isobutyl acetate −15.0155 0 506.9 284.3 56.01 2 49.86 1.39 0.57 33.19 5.6 1.87 0 0.65 17.2 3.4 116.7
Isopropyl acetate −13.3658 0 442.4 254.3 53.4 2 44.67 1.377 0.57 31.32 6.3 1.75 0 0.53 17.1 3.7 88.5
Methanol −41.5267 −22.9609 205.6 135.8 38.13 1 81.55 1.329 0.44 31.77 32.7 1.7 0 0.54 29.52 5.1 64.7
Methyl acetate −15.1535 0 332.8 191.1 56.13 2 73.32 1.361 0.64 35.59 6.7 1.68 0 0.35 19.4 4.9 56.9
Methylcyclohexane 0 0 460.5 294.8 14.13 0 0 1.423 0.1 33.52 2.02 0 0 0.68 16.27 0.9 100.9
Methylisobutylketone −20.1482 0 466.8 268.5 46.11 1 36.13 1.396 0.65 36.63 14.6 2.68 0 0.56 18.14 4.1 127.7
m-Xylene 0 0 468.7 235.4 83.79 0 0 1.497 0.52 40.98 2.3 0.3 0.75 0.58 17.84 2.6 139.1
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ide different descriptions of the ability of solvent molecules to
elf-associate and the physical consequences thereof.

The polarity of solvents is linked both to the dipole moment
μ) and to the dielectric constant (ε). Polarity index, PI, a relative
easure of the degree of interaction of the solvent with various

olar test solutes, was also included. The above properties are
mportant with regard to the solvation abilities of the solvents
Marcus, 1993).

In the early 1990s, Abraham et al. published a series of studies
n solvent hydrogen bonding properties. They established the
ydrogen-bond acidity (αH

2 ) and hydrogen-bond basicity (βH
2 )

cales as well as dipolarity/polarizability scale (πH
2 ), which had

een determined experimentally for over 1000 compounds.The
H
2 scale was statistically chosen to be a part of the final descrip-

or set, while αH
2 and βH

2 are represented by SIAEprobe and
IEDprobe, respectively, because of their close correlations. The
ipolarity/polarizability scale (πH

2 ) represents the ability of elec-
rons to move and be delocalized in a molecule and is a measure
f the polar interaction between the compound and the elec-
ron receptor. In Abraham’s papers, McGowan’s characteristic
olume (Vx) is also a very interesting descriptor as it is an esti-
ate of the van der Waals volume and, unlike the widely used
olar volume, is not dependent on hydrogen-bonding and other

roperties. There is a very close correlation between Vx and the
OL descriptor, a computer generated intrinsic volume using

he SAVOL program (Pearlman, 1980). We chose to use VOL
ver Vx. because there were a few outliers and missing values in
he Vx data.

PPSA-1and PNSA-1 are two of the charged partial sur-
ace area (CPSA) descriptors developed by Stanton and Jurs
1990) and Stanton et al. (1992, 2002). They combined molec-
lar surface area and partial atomic charge information to form
PSA descriptors that encode structural features responsible for
olar interactions between molecules. PNHS-1 is among the
ydrophobic Surface Area (HSA) descriptors that are designed

o capture information regarding the structural features respon-
ible for hydrophobic/hydrophilic intermolecular interactions. It
s a better representation than the commonly used log P descrip-
or, the logarithm of the n-octanol/water partition coefficient,
ecause the HSA descriptors capture regional and localized
ydrophilic effects on a molecular surface (Stanton et al., 2004).

Hydrogen bonding plays a fundamental role in solvent–solute
nteractions. It is a strong interaction where the acceptor group
rovides an electron pair, and the donor group provides a pro-
on. The proton is thought of as being shared between two atoms
usually heteroatoms). Interactions between H-bond donor and
cceptor molecules are known to result in the formation of many
olecular and ionic complexes which are of great importance

n chemical and biochemical processes. Many scales have been
roposed to quantify the H-bonding strength over the years.
he two descriptors, SIAEprobe and SIEDprobe, calculated
y the three-dimensional HYBOT (Hydrogen Bonding Ther-
odynamics) program (Raevsky and Skvortsov, 2002) were
elected to account for H-bonding interactions. These 3D H-
ond descriptors reveal the surface enthalpy values when a
olecule’s acceptor/donor atoms interact with a donor/acceptor

robe (a small molecule such as water or ammonia). They are
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Table 2
Pearson correlation coefficient of the final 17-descriptor data set

SIAEprobe SIEDprobe VOL PPSA-1 PNSA-1 CNTA PNHS-1 n πH
2 γ ε μ Φ η δ PI BP

SIAEprobe 1.00
SIEDprobe 0.29 1.00
VOL 0.25 0.60 1.00
PPSA-1 −0.03 0.36 0.81 1.00
PNSA-1 0.31 0.11 −0.19 −0.73 1.00
CNTA −0.63 −0.23 −0.23 0.01 −0.25 1.00
PNHS-1 −0.68 −0.67 −0.48 −0.16 −0.26 0.75 1.00
n 0.22 0.32 0.40 −0.02 0.47 −0.48 −0.42 1.00
πH

2 −0.44 0.01 −0.27 −0.28 0.17 0.37 0.39 0.22 1.00
γ −0.15 −0.55 −0.47 −0.48 0.24 0.11 0.44 0.25 0.56 1.00
ε −0.32 −0.62 −0.67 −0.44 −0.06 0.27 0.62 −0.21 0.57 0.75 1.00
μ −0.54 −0.11 −0.39 −0.24 −0.03 0.47 0.49 −0.16 0.80 0.38 0.66 1.00
Φ 0.39 0.23 0.35 0.05 0.29 −0.47 −0.47 0.78 −0.01 0.11 −0.30 −0.37 1.00
η −0.48 −0.29 −0.03 −0.02 −0.01 0.20 0.40 0.20 0.31 0.37 0.29 0.22 −0.03 1.00
δ −0.42 −0.78 −0.67 −0.47 −0.01 0.23 0.64 −0.13 0.41 0.80 0.86 0.48 −0.19 0.42 1.00
PI −0.42 −0.57 −0.70 −0.57 0.14 0.48 0.70 −0.19 0.63 0.67 0.83 0.71 −0.24 0.22 0.78 1.00
B 0.27
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P −0.33 −0.12 0.22 0.12 0.02 0.09

nits: SIAEprobe, SIEDprobe (kcal/M Å2); VOL (Å3); PPSA-1, PNSA-1 (Å2)
I (Snyder); BP (◦C).

he only scales that are created from a thermodynamic perspec-
ive and a force-field method is used to determine distance and
ngle dependencies in three-dimensional spaces. The new 3D
escriptors are the extension of 2D HYBOT and they provide
uch higher accuracy and are believed to be superior to any pre-

ious 2D or empirical scales (including αH
2 and βH

2 ). CNTA is
nother hydrogen bond related descriptor developed by Stanton
t al. (1992) as an analog of the CPSA to capture informa-
ion about structural features responsible for hydrogen-bonding
nteractions. They were computed similarly to the CPSAs, but
nly considered the heteroatoms and their attached hydrogens
hat participate in hydrogen bonds.

Lastly, the aromaticity data, Φ, was taken from Minnesota
olvent Descriptor Database (Winget et al., 1999). This descrip-

or encodes not only the structural information but also the
ydrophobility property of a solvent through the fraction of
on-hydrogenic solvent atoms that are aromatic carbon atoms.

In summary, the final set of descriptors represented a wide
ange of solvent physicochemical properties, from solvent bulk
roperty to hydrophilicity, from H-bonding interactions to polar
nteractions. These were imperative if the following statistical
luster analyses are to provide insight into how similar/dissimilar
hese pharmaceutical solvents are to each other. The defini-
ions and sources of the 17 solvent descriptors are listed in
able 3.

.6. Data standardization

The objective of standardization of the data matrix is to
emove arbitrary effects caused by choice of measurement unit
nd/or to account for differences in measurement scales across
ariables (Romesburg, 1990). Since the solvent descriptor data

ere obtained from different sources and are different in nature,

hey do not have equal variance. The variables with large vari-
nces tend to have more effect on the resulting clusters than
hose with small variances particularly when the dissimilarity

t
c
T

0.58 0.63 0.54 0.38 0.40 0.27 0.58 0.37 0.28 1.00

A (none); PNHS-1 (Å2); n,πH
2 , γ , ε (none); μ (Debye); η (c.p.); δ (J/cm3)1/2;

easure, such as Euclidean distance, is sensitive to such differ-
nces. Thus, we employed the typical z-score standardization
o that each column (variable) would have a mean of zero and
ariance of one.

.7. Principal components analysis (PCA)

The next phase of the analysis involved principal components
nalysis (PCA), which was used to further eliminate the inherent
ollinearity in the final data set and effectively reduce the total
umber of variables. It is important to eliminate this collinear-
ty, prior to clustering, to prevent variables that are still highly
orrelated from exerting a disproportionate amount of influence
nd thereby biasing the results (Eder et al., 1994). This was
chieved through the application of PCA, which linearly trans-
ormed a collinear data matrix into a hierarchy of orthonormal
nd thereby independent components, each of which explained
uccessively less and less of the total variance. The initial number
f “principal components” (PCs) was 17, equal to the number
f variables in the final data set. Various tests were adopted
o determine the number of PCs to retain. The Cattell (1966)
cree test and the Kaiser (1960) criterion are the most frequently
sed procedures. They are both based on inspection of the cor-
elation matrix eigenvalues. Cattell’s recommendation was to
etain only those components above the point of inflection on a
lot of eigenvalues ordered by diminishing size. Kaiser (1960)
ecommended that only eigenvalues at least equal to one are
etained as one is the average size of the eigenvalues in a full
ecomposition.

.8. Two-stage cluster analysis
The resulting PC scores were analyzed by a two-stage clus-
ering approach in which hierarchical clustering was used in
onjunction with an iterative partitioning (reallocation) method.
his approach is often considered an optimal way to perform
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Table 3
Definitions and sources of the 17 solvent descriptors

Descriptor Definition Unit Source

1 SIAEprobe Surface integral for enthalpy values of
interactions between acceptor atoms of a
molecule and a donor probe on the
surface

kcal/M Å2 HYBOT 3D by Raevsky (1997) and
Raevsky and Skvortsov (2002)

2 SIEDprobe Surface integral for enthalpy values for
interactions between donor atoms of a
molecule and an acceptor probe on the
surface

kcal/M Å2 HYBOT 3D by Raevsky (1997) and
Raevsky and Skvortsov (2002)

3 VOL Intrinsic volume Å3 SAVOL by Pearlman (1980)
4 PPSA-1 Type 1 partial positive surface area Å2 ADAPT by Stuper and Jurs (1976), Jurs

et al. (1979), Stanton and Jurs (1990) and
Stanton et al. (1992, 2002)

5 PNSA-1 Type 1 partial negative surface area Å2 ADAPT by Stuper and Jurs (1976), Jurs
et al. (1979), Stanton and Jurs (1990) and
Stanton et al. (1992, 2002)

6 CNTA Simple count of all hydrogen bond
acceptor groups

None ADAPT by Stuper and Jurs (1976), Jurs
et al. (1979), Stanton and Jurs (1990) and
Stanton et al. (1992, 2002)

7 PNHS-1 Type 1 hydrophilic surface area Å2 ADAPT by Stuper and Jurs (1976), Jurs
et al. (1979), Stanton and Jurs (1990) and
Stanton et al. (1992, 2002)

8 n Index of refraction (20 ◦C) None Winget et al. (1999), Abboud and Notari
(1999), Lide (2005), CRC Press (2005)
and Riddick et al. (1986)

9 πH
2 Abraham’s dipolarity/polarizability None empirical scale derived from

gas-chromatographic measurements
Abraham et al. (1991), Abraham (1993a,
1993b, 1993c), Abraham et al. (1994)
and Abraham and Rafols (1995)

10 γ Surface tension None. γ = γm/γ0, where �m is
macroscopic surface tension at a
liquid-air interface at 298 K, and �o

is 1 cal mol−1 Å−2

Winget et al. (1999), Lide (2005) and
CRC Press (2005)

11 ε Dielectric constant None. Note that dielectric constant is
also called relative permittivity

Mirmehrabi and Rohani (2005);
CHEMnetBase, CRC Press (2005)

12 μ Dipole moment Debye Mirmehrabi and Rohani (2005);
CHEMnetBase, CRC Press (2005)

13 Φ Aromaticity None. fraction of non-hydrogenic
solvent atoms that are aromatic
carbon atoms

Winget et al. (1999)

14 η Viscosity c.p. (10−3 Pa s) Mirmehrabi and Rohani, 2005, Trimen
Database (2005)

15 δ Hildebrand solubility (J/cm3)1/2 Mirmehrabi and Rohani (2005); ADAPT
by Stuper and Jurs (1976), Jurs et al.
(1979), Stanton and Jurs (1990) and
Stanton et al. (1992, 2002)

16 PI Snyder polarity index Snyder Mirmehrabi and Rohani (2005) and
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7 BP Boiling point ◦C

lassifications, primarily because it allows one to take advan-
age of the beneficial characteristics of both hierarchical and
terative methods (Punj and Stewart, 1983; Milligan, 1996).

The first stage involved using a hierarchical average linkage
lustering procedure (Sokal and Michener, 1958) to develop
n initial partition. Although there was no clear consensus as
o which of the many hierarchical cluster analysis approaches
o use, in an evaluation of three of the more common linkage
ethods (Ward’s, average linkage, and centroid) Kalkstein et
l. (1987) and Bunkers et al. (1996) found that average linkage,
pecifically the unweighted pair-group method using arithmetic
verages (UPGMA), was far superior to both the centroid and

o

n
a

Chastrette et al. (1985)
Mirmehrabi and Rohani (2005)

ard’s method in producing clusters with the smallest within-
luster variance and large between-cluster separation.

With hierarchical average linkage, which is an agglomerative
ethod, each solvent (as represented by its component scores)

nitially started out as an individual cluster. Similar solvents
ere then merged, where cluster similarity was determined by

he mean distance between all objects in the clusters (weighted
y the number of members), until all solvents were united into

ne cluster.

Different statistics were used in combination to determine the
umber of solvent groups (clusters) resulting from hierarchical
nalysis. The Calinksi and Harabasz (1973) and Duda and Hart
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n clusters for each value of n (Gordon, 1996). The pseudo-F
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1973) tests are the two stopping rules that have been shown to
utperform other rules such as cubic clustering criterion (CCC)
n simulation studies on data sets with known structure and dif-
erent levels of introduced error (Milligan and Cooper, 1985;
ooper and Milligan, 1988). They are available in SAS and
re known as the pseudo-F and pseudo-t2 statistics, respectively
SAS OnlineDoc, 2000). Consistency in the number of clusters
uggested by pseudo-F and pseudo-t2 statistics in hierarchical
verage linkage clustering provided an initial basis for selecting
he final number of solvent groups.

The second phase involved performing non-hierarchical K-
eans cluster analysis on the principal component data set

sing the centroids (means of the component scores) of clusters
btained from hierarchical analysis as initial seeds (Davis and
alkstein, 1990). A non-hierarchical iterative clustering method

equires the number of clusters and cluster seeds be specified up
ront. After all solvents had been assigned to the cluster with the
earest seed values, the centroid of each cluster was recalculated
nd then used as the new cluster seed. Using the FASTCLUS
rocedures (SAS 2004, version 8.2), these steps were repeated
ntil the change in new seed values converge to within 0.02. This
ethod allowed free movement of cluster members after they

ad been classified into a given group at each step of the cluster
nalysis, thereby acting to optimize the final cluster groupings.
illigan (1980) suggested that application of this second stage

chieves even smaller within-group variation than using average
inkage alone. This two-stage approach appeared to be superior
n terms of cluster cohesiveness and had been used successfully
n numerous studies (Eder et al., 1994; Zelenka, 1997).

. Results and discussion

.1. Retainment of number of PCs and final PCA data set
The nature of the decision on the number of PCs retained
as arbitrary. Table 4 lists the eigenvalues of all 17 PCs. In

his case, 4 PCs would be kept based on Kaiser criterion and

able 4
igenvalues of the correlation matrix in PCA

C Eigenvalue Difference Proportion (%) Cumulative (%)

1 6.979415 3.839357 41.06 41.06
2 3.140058 0.642601 18.47 59.53
3 2.497457 1.014956 14.69 74.22
4 1.482501 0.576676 8.72 82.94
5 0.905826 0.290258 5.33 88.27
6 0.615567 0.194653 3.62 91.89
7 0.420914 0.151283 2.48 94.36
8 0.269631 0.05748 1.59 95.95
9 0.212151 0.07642 1.25 97.2
0 0.135731 0.037703 0.8 98
1 0.098028 0.022669 0.58 98.57
2 0.075358 0.010784 0.44 99.02
3 0.064575 0.013077 0.38 99.4
4 0.051497 0.013901 0.3 99.7
5 0.037597 0.024668 0.22 99.92
6 0.012929 0.012163 0.08 100
7 0.000766 0 100
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Fig. 1. Scree plot of the PC eigenvalues.

attell’s scree test (Fig. 1) may suggest as many as 8 PCs. How-
ver, combining information of proportion of variance (>5%)
hat each component counts with the cumulative proportion of
ariance (>88%) from Table 4 enables justification for the use
f five principal components as a reasonable summary of the
ata set. The loadings of the original variables on the 5 PCs are
isplayed in Tables 5 and 6 shows the final data set containing
cores for each solvent on the five PCs, which was used to carry
ut the two-stage cluster analysis.

.2. Determination of number of clusters

Selection of the final average linkage solution was achieved
hrough examination of pseudo-F and pseudo-t2 statistics. The
seudo-F test was considered a “global” stopping rule since it
ade use of all the information contained in a partition into
escribes the ratio of between-cluster to within-cluster variance
nd the pseudo-t2 quantifies the difference between two clusters
hat are merged at a given step. Maximum value of the pseudo-

able 5
C loadings

olvent
escriptor

Prin1 Prin2 Prin3 Prin4 Prin5

IAEprobe −0.22967 0.165863 −0.30257 −0.06941 0.336436
IEDprobe −0.25543 0.070927 0.1677 0.500757 0.057481
OL −0.27013 0.055469 0.390699 −0.04452 0.045436
PSA-1 −0.1861 −0.19202 0.455424 −0.17892 0.271932
NSA-1 −0.00038 0.3649 −0.30447 0.27475 −0.43313
NTA 0.207207 −0.27448 0.190673 0.215524 −0.27492
NHS-1 0.312678 −0.18865 0.115829 −0.11319 −0.1774

−0.09326 0.508209 0.162104 −0.02035 −0.08994
H
2 0.245306 0.210972 0.212074 0.409647 0.138956

0.275753 0.286873 −0.04625 −0.18384 0.153163
0.336784 0.049451 −0.06601 −0.07362 0.362918
0.27498 −0.00169 0.149574 0.425448 0.240952

−0.1432 0.411076 0.046079 −0.14397 0.043909
0.165527 0.126877 0.294526 −0.26149 −0.49258
0.332592 0.077336 −0.08051 −0.27466 0.108937

I 0.344991 0.046994 −0.09472 0.119589 0.097809
P 0.149022 0.320358 0.416357 −0.09161 0.078905
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Table 6
Final PCA data set

Solvent ID Prin1 Prin2 Prin3 Prin4 Prin5

112-Trichloroethene −1.54624 2.43959 −3.15652 1.12764 −1.85687
12-Dichloroethene −0.70169 1.65152 −2.78152 1.41164 −0.674
12-Dimethoxyethane −0.0799 −2.0605 1.304 0.90502 −0.53088
14-Dioxane −0.14168 −0.95403 0.79869 0.05299 −1.33297
1-Butanol 0.57575 −1.01575 0.51615 −0.83708 −0.23687
1-Pentanol 0.29543 −0.81955 1.30532 −1.06444 −0.33045
1-Propanol 0.79262 −1.31046 −0.23727 −0.70172 −0.25869
2-Butanol 0.17105 −1.05327 0.14629 −0.8791 −0.14761
2-Butanone 0.04183 −1.07833 −0.14981 1.10021 0.65823
2-Ethoxyethanol 0.60042 −1.38016 1.62705 −0.31388 −1.10062
2-Hexanone −0.54119 −0.62624 1.29831 0.71793 0.86281
2-Methoxyethanol 1.80292 −1.41803 0.98754 −0.20672 −0.98572
2-Methyl-1-propanol 0.42875 −1.07644 0.25411 −0.96674 −0.23509
2-Propanol 0.46421 −1.4902 −0.52684 −0.61333 −0.32585
Acetic acid 1.86541 −1.21594 −1.08546 −0.29057 −1.42786
Acetone 0.72009 −1.47655 −0.73494 1.33235 0.37771
Acetonitrile 1.75405 −0.43806 −1.54586 1.94755 1.37029
Anisole −0.94475 2.71625 0.88431 0.09658 −0.215
Butyl acetate −0.98165 −1.09438 1.52576 0.57815 0.04158
Chlorobenzene −1.79602 3.96877 −0.98283 0.44571 −0.34271
Chloroform −1.14842 2.0368 −3.7139 1.53344 −1.7141
Cumene −2.93772 2.60967 1.31871 −1.38183 −0.50722
Cyclohexane −3.33778 −0.75627 −0.1766 −1.19993 0.77278
Dichloromethane −0.73653 1.1236 −3.40386 1.35658 −0.76766
Dimethyl sulfoxide 3.79002 1.24434 1.59095 1.74186 1.62813
Ethanol 1.22389 −1.67568 −1.05935 −0.54981 −0.14894
Ethyl acetate −0.33323 −1.56282 0.06577 0.98447 −0.21998
Ethyl benzene −2.87878 2.52216 0.1936 −0.63029 0.38765
Ethyl ether −2.2186 −2.32043 −0.45622 0.20134 0.19396
Ethyl formate 0.52208 −1.71428 −0.71117 1.38907 −0.90614
Ethyleneglycol 6.15905 0.9775 2.74873 −2.69403 −3.46215
Formamide 7.61356 2.32341 −0.33637 −1.11954 1.71616
Formic acid 3.47362 −0.40874 −2.50305 −0.27808 −0.17237
Heptane −4.24733 −1.29872 0.61718 −1.53219 0.89054
Hexane −4.15656 −1.63046 −0.10505 −1.30568 0.7255
Isoamyl alcohol 0.30937 −0.87157 1.1421 −0.94573 −0.44723
Isobutyl acetate −1.07144 −1.25192 1.36427 0.6674 0.00714
Isopropyl acetate −0.93587 −1.53522 0.54451 0.84062 −0.07851
Methanol 2.52578 −2.15878 −2.00727 −1.11256 −0.1674
Methyl acetate 0.23873 −1.74375 −0.65719 1.03801 −0.39329
Methylcyclohexane −3.58121 −0.70728 0.21676 −1.41267 0.82084
Methylisobutylketone −0.54817 −0.6361 1.11168 0.73651 0.85515
m-Xylene −2.90473 2.55289 0.17893 −0.73298 0.38466
NN-Dimethylacetamide 2.31494 0.41948 −1.55554 2.04606 0.49599
NN-Dimethylformamide 1.64465 0.76532 2.12571 0.97438 1.09099
Nitromethane 1.98597 0.67146 1.71396 1.35279 1.56965
N-Methyl pyrrolidone 2.48309 0.49276 1.09013 1.5067 1.35767
o-Xylene −2.50441 2.87787 0.29883 −0.69301 0.17534
Pentane −4.06879 −2.0466 −0.90844 −1.05183 0.49936
Propyl acetate −0.6595 −1.32458 0.80083 0.7699 −0.07539
p-Xylene −3.01254 2.49952 0.16939 −0.86008 0.33622
Pyridine 0.17534 2.51288 0.12142 0.55506 0.17097
Sulfolane 4.93966 2.65658 4.18419 1.46913 −0.9978
tert-Butyl methyl ether −2.47132 −2.0547 0.07477 0.14133 0.06306
Tetrahydrofuran −0.52933 −1.122 −0.28447 0.39723 0.08407
T
T
W

F
r
b
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etralin −2.65095 3.30058
oluene −2.782 2.61637
ater 7.53608 0.34847
statistic across hierarchy levels (or local “peaks” within the
ange of possible cluster solutions) indicated the optimal num-
er of clusters. The pseudo-t2 statistic was a “local” stopping
ule based on tests of whether or not a pair of clusters should be

m
t
f
t

1.58473 −1.387 0.40576
−0.55799 −0.58388 0.12273
−4.26718 −4.07296 1.99441
erged or remain separate. A small value for the pseudo-t2 statis-
ic followed by a much larger pseudo-t2 value for the next cluster
usion suggested that two clusters should not be merged. In addi-
ion to pseudo-F and pseudo-t2 tests, R2, the squared multiple
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Table 7
Statistics used for determination of the number of clusters
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cluster analysis, the trend was very similar to that in hierarchi-
cal cluster analysis. There were local maxima at 12, 15, 17, 20
clusters with exception at 22 clusters. Due to this discrepancy,
22 clusters seemed inappropriate to be the final solution.
ote: The shaded area with 12, 15, 17, 20, 22 clusters were potential solutions.

orrelation, representing the proportion of variance accounted
or by the clusters, was used as a supporting criterion.

In Table 7, the columns displays R2, pseudo-F and pseudo-t2

tatistics in the average linkage hierarchical clustering proce-
ure and pseudo-F in the non-hierarchical K-means clustering
rocedure from 7 to 27 cluster generations. Naturally, greater
umber of clusters implied less heterogeneity in any given clus-
er. Therefore, the pseudo-F was bound to increase as the number
f clusters went up. However, large increments of pseudo-F
elative to the previous and subsequent clusters indicated a
topping point. Hierarchies of 7–27 clusters were examined as
region of practical interest. It was assumed that a smaller

umber of clusters would likely be inadequate to fully rep-
esent all key solvent characteristics and that greater than 27
lusters would provide little advantage over testing all 57 sol-
ents individually. The small values for the pseudo-t2 statistic
n conjunction with local peaks of pseudo-F suggested 12, 15,
7, 20, 22 might be the optimal numbers of clusters. To aid
he selection of clusters, the squared multiple correlation, R2,

rovided a measure of the proportion of variance accounted
or by the clusters. With 12 clusters, nearly 90% of the vari-
nce was accounted for, 20 clusters yield 96% and 22 clusters
rovide 97%.
Table 7 was then visualized by the scree graph (Fig. 2) in
hich all clustering criteria were plotted versus the number of

lusters. Looking at pseudo-F test in non-hierarchical K-means
Fig. 2. Scree plot of the statistics in Table 7.
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Fig. 3. Plot of PC1 v

These statistics provided guidelines in choosing the most
ppropriate partition of clusters. However, they were only
ndicative and were not as authoritative as “proper” statistical
ests. Indeed, one needed to take into account whether the tax-
nomy given by the chosen partition made any sense from a
heoretical viewpoint. It was essential that the clusters formed
ould be justified by the perceived properties of the members
nd not just by the cluster analysis procedure.

To better understand the separation between solvent popu-
ations, plots of the second principal component Prin2 against
he first principal component Prin1 were created. Since the first
rincipal component, Prin1, was defined in the direction of max-
mum variance in the data set, and the subsequent components
ere orthogonal to one another and described the maximum
f the remaining variance, the first two component scores rep-
esented 60% of the total variance (see Table 4). Thus, the
lots could reveal a good deal of information about the under-

ying population structure. Fig. 3 (without solvent ID) and
ig. 4 (with solvent ID) were used for comparison. A man-
al segmentation (marked in Fig. 3) based on visual distance
nd solvent chemical properties showed that at least 16 clus-

d
T
s
h

Fig. 4. Plot of PC1 vs. PC
without solvent ID.

ers should be formed. In fact this exploratory partitioning
ot only produced surprisingly good agreement with the final
olution from the two-stage cluster analysis, but also effec-
ively excluded 12 and 15 clusters from the potential solution
andidates.

The main problem with the 17-cluster solution was that it
rouped acetic acid and methanol together, an unexpected group-
ng that did not make sense based upon the authors’ experience.
igs. 3 and 4 also illustrate the large distance between the

wo solvents (see red crosses and arrows in the Figures). The
navailable pseudo-t2 value brought additional uncertainty to
he 17-cluster solution.

From a typological viewpoint, if the number of clusters
ecomes too big (>22), not much structure is imposed upon
he objects. Hence, the cluster analysis would not reveal much
n such a case. On the other hand, if the number of clusters
ecomes too small (<15), too much “structure” is forced on the

ata, which may not be in accordance with the actual properties.
he combination of all the above analysis resulted in a 20-cluster
olution where consensus of different statistics was found in both
ierarchical and non-hierarchical analysis.

2 with solvent ID.
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Fig. 5. Tree diagram of the h

.3. Final solution

The dendrogram of 20-cluster hierarchical solution is dis-
layed in Fig. 5, showing the partition creation sequence at
ifferent cluster aggregation levels. Table 8 lists membership
nformation of all the clusters obtained from hierarchical average
inkage cluster analysis and non-hierarchical K-means cluster
nalysis. When comparing column 2 and 3, the overall agree-
ent between the results from the two different clustering
ethods is excellent. The only difference is slight membership

hange between cluster 2 and 7. From a chemical perspective,
he K-means cluster analysis solution seems more reasonable. It
oves ethyl acetate and acetone, two solvents that have smaller

ydrophobic components, from cluster 2 where most solvents
ave longer hydrophobic segments to the more similar cluster
. This demonstrated when the hierarchical clustering method
s complemented by the nonhierarchical method. The result-
ng clusters selection was refined by maximizing the similarity
f the positions of solvents within the clusters. This was evi-
enced in Table 2 by the higher pseudo-F values obtained in
on-hierarchical K-means procedure than in hierarchical aver-
ge linkage procedure at all cluster levels.

More detailed information about the clusters was revealed by
he non-hierarchical K-means procedure in Table 9. The column
abeled “Frequency” displays the number of solvents in each
luster, whereas the next column labeled “RMS standard devi-

tion” shows the root mean square standard deviation. Single
ember cluster implies no or zero standard deviation. Increas-

ng the number of members in a cluster increases the standard
eviation. A good cluster has a small within cluster standard

s

o
T

chical clustering procedure.

eviation. In this respect, all clusters demonstrated relatively
ow standard deviation.

Maximum distance from seed to observation is the largest dis-
ance (Euclidean) from the cluster seed (mean component score)
o any observation within the cluster. This measure showed the
eterogeneity of the clusters and inter-cluster similarity when
omparing to the next column labeled distance between clusters
entroids, which displays the distance from the cluster mean to
he mean of the nearest cluster. In general, this distance mea-
ure is indicative of the between cluster heterogeneity. For a
ore straightforward illustration, the ratio between these two

olumns was taken and recoded in the last column. Although
olumn 4 did not give any information about the position of
luster members relative to its centroid, the percent ratio in col-
mn 5 could still indicate the likelihood of member movement
etween two nearest clusters. Two pairs of clusters, namely clus-
er (2, 7) and cluster (3, 4) stood out, with their ratios being 50%
nd higher. This means their members may be re-partitioned
nto the other nearest clusters as long as the change of clus-
er membership can be explained from chemical perspective or
alidated by experiments. The movement of ethyl acetate and
cetone from cluster 2 to cluster 7 in non-hierarchical K-means
rocedure was a good example. A closer look at the members
n cluster 3 and 4 shows all of them are alcohols. It would
ot be surprising if they were switched between the two clus-
ers due to the high ratio scores (89 and 80%) and chemical

imilarities.

With a casual inspection of the final solution in Table 8,
ne can easily find special chemical features in each cluster.
he chemical features may be structural similarities, functional
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Table 8
Cluster members

g
1
(
r
N
t
f

D
a
s
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C

C

1
1
1
1
1
1
1
1
1
1
2

roup similarities or both. For example, all members in cluster
are benzene derivatives with different alkyl groups. Cluster

3, 4), 5 and 6 are obviously alcohol, alkane and ether groups

espectively. All members in cluster 9 are alkyl halides (–Cl).
o negative influence was observed when the components of

he xylene mixture were treated separately. All of them always
ell into the same group as their properties are very similar.

i
o
a
t

able 9
luster summary

luster Frequency Nearest cluster Maximum distance from se

1 7 16 1.3922
2 7 7 1.2661
3 5 4 1.3264
4 6 3 1.1899
5 5 6 1.1973
6 2 5 0.3306
7 6 2 1.0751
8 3 12 0.7612
9 4 16 1.0415
0 2 7 0.6753
1 2 16 0.7479
2 1 8 0
3 1 4 0
4 1 13 0
5 1 14 0
6 1 11 0
7 1 12 0
8 1 17 0
9 1 20 0
0 1 12 0
espite the seemingly “trivial” solution, the two-stage cluster
nalysis made important decisions on those not so distinctive
olvents. It separated methanol from both alcohol groups (3, 4),

solated chlorobenzene from cluster 1 and cluster 9, and singled
ut water, acetic acid, ethyleneglycol, sulfolane and formic acid
s single component clusters. Two sets of closely related clus-
ers (3, 4) and (2, 7) were successfully isolated by the statistical

ed to observation Distance between cluster centroids Ratio (%)

2.5994 53.56
1.7949 70.54
1.4937 88.80
1.4937 79.66
2.3911 50.07
2.3911 13.83
1.7949 59.90
1.932 39.40
3.4775 29.95
2.9982 22.52
2.48 30.16
1.932 0
2.0292 0
2.1069 0
2.2143 0
2.48 0
5.2625 0
5.3064 0
5.4563 0
4.1244 0
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reatment. These results seem very reasonable from chemical
iewpoint and have strong statistical support.

. Conclusion

An exhaustive review of current literature and databases
esulted in the compilation of 231 solvent physiochemical
escriptors. Removal of incomplete, redundant or cross correl-
tive descriptors reduced the set to 17 descriptors. Using the
imension reduction procedure of PCA any remaining correla-
ion in the 17 different solvent descriptors was removed and a
ompact quality data set was generated for cluster analysis. The
wo-stage cluster analysis produced excellent agreement and
onsistent results between different statistical clustering tech-
iques. The non-hierarchical K-means method yielded slightly
efined results than average linkage hierarchical method, but the
ain trends of the analysis remained unaffected.
Based upon cluster analysis, the 57 classes 2 and 3 sol-

ents recognized by ICH (plus water) have been reduced to a
et of 20 clusters. One of the proposed utilities for this reduc-
ion is the ability to design more efficient polymorph screens
hrough the judicious inclusion of solvents expected to behave
ifferently and exclusive of solvents expected to behave in a
imilar fashion to those already studied. For instance, in clus-
ers of several members, testing of a single member would be
xpected to represent the solvent characterisitics for the group.
or group number 2, this represents the testing of a single sol-
ent rather than seven or more. In addition, the inclusion of a
ember from each different group in a screening study would

nsure appropriate solvent diversity. Because the entire tree
iagram and statistical design have been shared with the read-
rs, experimentalists may choose to further collapse or increase
he number of groups studied based upon individual needs and
references.
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