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Molecular polar surface area (PSA), i.e., surface belonging to polar atoms, is a descriptor that
was shown to correlate well with passive molecular transport through membranes and,
therefore, allows prediction of transport properties of drugs. The calculation of PSA, however,
is rather time-consuming because of the necessity to generate a reasonable 3D molecular
geometry and the calculation of the surface itself. A new approach for the calculation of the
PSA is presented here, based on the summation of tabulated surface contributions of polar
fragments. The method, termed topological PSA (TPSA), provides results which are practically
identical with the 3D PSA (the correlation coefficient between 3D PSA and fragment-based
TPSA for 34 810 molecules from the World Drug Index is 0.99), while the computation speed
is 2-3 orders of magnitude faster. The new methodology may, therefore, be used for fast
bioavailability screening of virtual libraries having millions of molecules. This article describes
the new methodology and shows the results of validation studies based on sets of published
absorption data, including intestinal absorption, Caco-2 monolayer penetration, and bloodbrain barrier penetration.
Introduction
Fast and reliable estimation of molecular transport
properties, particularly intestinal absorption and bloodbrain barrier penetration, is one of the key factors
accelerating the process of drug discovery and development.1-4 Traditionally, calculated values of octanol/
water partition coefficient have been used for this
purpose. In recent years, several new parameters have
been introduced for absorption prediction, including
molecular size and shape descriptors, hydrogen-bonding
capabilities, and surface properties.3-8 A set of rules
imposing limitations on log P, molecular weight, and
number of hydrogen bond donors and acceptors (known
as the “rule of five”) introduced by Lipinski8 has become
particularly popular. Another very helpful parameter
for the prediction of absorption is the polar surface area
(PSA) defined as the sum of surfaces of polar atoms in
a molecule. This parameter is easy to understand and,
most importantly, provides good correlation with experimental transport data. It has been successfully
applied for the prediction of intestinal absorption,9,11
Caco-2 monolayers penetration,12-15 and blood-brain
barrier crossing.16-17 Various protocols have been reported to calculate the PSA, differing in the definition
of “polar atoms” (some authors regard only N and O
atoms to be polar, whereas other approaches include
also other heteroatoms), different methodologies for
generating the 3D structure (CORINA, CONCORD,
geometry optimization, conformational sampling), or the
surface itself (van der Waals, Connolly, or Lee-Richards). According to our in-house experience, however,
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the results of these various approaches are highly
correlated, even when absolute values may differ due
to differences in computational protocols and different
sets of atomic radii used. Time requirements to calculate
the PSA are generally high, up to tens of minutes per
molecule when the geometry is optimized or a conformational search is performed, although recently a fast
single-conformer method for PSA calculation was reported with a throughput of several molecules per
second.18 Furthermore calculations require specialized
software to generate 3D molecular structures and to
determine the surface itself.
In today’s era of drug development, shaped by highthroughput screening and combinatorial chemistry, fast
bioavailability screening of virtual libraries consisting
of hundreds of thousands even millions of molecules is
required. For this reason we developed a new, fast, and
straightforward protocol to calculate the PSA based on
the topological information only.
Methodology
The new methodology for the calculation of PSA termed
TPSA (topological PSA) described here is based simply on the
summation of tabulated surface contributions of polar fragments (i.e. atoms regarding also their bonding pattern). The
workflow of the new methodology compared to the traditional
way to calculate PSA is shown schematically in Figure 1.
The contributions of polar fragments were determined by
least-squares fitting of the fragment-based TPSA to the single
conformer 3D PSA for a large set of druglike structures.
Molecules from the World Drug Index19 were used for this
procedure. This database was preprocessed by removing
molecules with apparent valence errors, molecular weights
outside the interval 100-800, and molecules not having at
least one oxygen, nitrogen, sulfur, or phosphorus atom. This
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Figure 2. 3D PSA vs TPSA for 34 810 molecules from the
World Drug Index.
The goal of the fitting procedure was to determine such
values for surface fragment contributions (c(fragmenti) in eq
1) which provide maximum correlation with the 3D PSA (eq
1):
Figure 1. Comparison of the new methodology with the
traditional way to calculate PSA.
Table 1. Atomic Contributions
atom typea

PSA
contrib

[N](-*)(-*)-*
[N](-*)d*
[N]#*
[N](-*)(d*)d* b
[N](d*)#* c
[N]1(-*)-*-*-1d
[NH](-*)-*
[NH]1-*-*-1d
[NH]d*
[NH2]-*
[N+](-*)(-*)(-*)-*
[N+](-*)(-*)d*
[N+](-*)#* e
[NH+](-*)(-*)-*
[NH+](-*)d*
[NH2+](-*)-*
[NH2+]d*
[NH3+]-*
[n](:*):*
[n](:*)(:*):*
[n](-*)(:*):*
[n](d*)(:*):* f

3.24
12.36
23.79
11.68
13.60
3.01
12.03
21.94
23.85
26.02
0.00
3.01
4.36
4.44
13.97
16.61
25.59
27.64
12.89
4.41
4.93
8.39

(Å2)

ntypes

3D PSA )

∑ n ‚c(fragment )
i

i

(1)

i

to PSA
atom typea

PSA
contrib

[nH](:*):*
[n+](:*)(:*):*
[n+](-*)(:*):*
[nH+](:*):*
[O](-*)-*
[O]1-*-*-1d
[O]d*
[OH]-*
[O-]-*
[o](:*):*
[S](-*)-*
[S]d*
[S](-*)(-*)d*
[S](-*)(-*)(d*)d*
[SH]-*
[s](:*):*
[s](d*)(:*):*
[P](-*)(-*)-*
[P](-*)d*
[P](-*)(-*)(-*)d*
[PH](-*)(-*)d*

15.79
4.10
3.88
14.14
9.23
12.53
17.07
20.23
23.06
13.14
25.30
32.09
19.21
8.38
38.80
28.24
21.70
13.59
34.14
9.81
23.47

a An asterisk (*) stands for any non-hydrogen atom, - for a
single bond, d for a double bond, # for a triple bond, : for an
aromatic bond; atomic symbol in lowercase means that the atom
is part of an aromatic system. b As in nitro group. c Middle nitrogen
in azide group. d Atom in a three-membered ring. e Nitrogen in
isocyano group. f As in pyridine N-oxide.

where 3D PSA is the traditionally calculated PSA (based on
3D molecular structure), ntypes is the number of types of polar
fragments, c(fragmenti) is the coefficient to optimize (i.e.
surface contribution of fragment i), and ni is the frequency of
fragment i in the molecule.
The 3D PSA used as a target in the fitting was calculated
from CORINA20 geometries considering the van der Waals
surfaces belonging to O, N, S, and P atoms, including also their
attached hydrogens. All structure manipulation, processing of
SMILES, identification of polar fragments, statistical analysis,
etc., were done by using an in-house molecular development
kit written in Java.
The statistical analysis provided very good correlation
between 3D PSA and TPSA with the following statistical
parameters: r2 ) 0.982, r ) 0.991, σ ) 7.83 Å2, average
absolute error ) 5.62 Å2. The fragment contributions obtained
from eq 1 are listed in Table 1 and a graph of 3D PSA vs TPSA
is shown in Figure 2.
The only class of molecules showing larger deviations
between TPSA and 3D PSA (visible as outliers in Figure 2)
are large macrocycles with many polar substituents. These
substituents are usually buried in the center of the ring and
are therefore not accessible to solvent. The calculated TPSA
for such systems is too large compared with the 3D PSA.
Another question is, however, how accurately the single
conformer we used in the fitting procedure represents such
complex molecules. In these cases, the polar surface obtained
as an average of several representative ring conformations
would probably provide a better fit to the TPSA.

Validation of the Methodology
yielded a set consisting of 34 810 reasonably druglike molecules. These molecules contain the 43 polar atom types listed
in the Table 1. In addition to commonly used polar fragments
with oxygen and nitrogen, we included also “slightly polar”
fragments containing phosphorus and sulfur. It has been
reported that PSA with inclusion of sulfur atoms provides
better correlation with human jejunum permeability than just
O- and N-based PSA.7 The broader list of fragments provides
the possibility to try various models and select the best one
for a particular dataset. An even better solution would be to
scale contributions of polar fragments according to the strength
of the hydrogen bonds they form (as already suggested in ref
10).

The new TPSA methodology has been validated by
using published data of various types of drug transport
properties including intestinal absorption, blood-brain
barrier penetration, and Caco-2 cell permeability. All
these datasets have been already studied by using PSA
descriptors calculated by different protocols. The results
of validation studies are summarized in Table 2, where
the squares of correlation coefficients (r2) between
observed molecular transport properties and 3D PSA
used in the original publications, as well as the new
TPSA, are given. The correlation between TPSA and 3D
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Figure 3. Molecules from the Palm dataset.9
Table 2. Summary of Validation Studies

Table 3. Comparison of Calculated PSA Values for Compounds
from Palm et al.9

r2
bioavailability type
oral drug absorption
Caco-2 permeability
blood-brain barrier penetration
human jejunum permeability
Caco-2 permeability
blood-brain barrier penetration

na
20
9
45
13
17
57

TPSA
0.91
0.96
0.78
0.75
0.56
0.66

3D
PSA

TPSA/
3D PSA

0.94b

0.98
0.99
0.95
0.99
0.94
0.99

0.98c
0.84d
0.76e
0.45f
0.67g

a Number of molecules in the dataset. b Dynamic PSA, sigmoidal
model.9 c Dynamic PSA in water environment, linear model13 r2
for sigmoidal model ) 0.99. d Value for dynamic PSA; for singleconformer PSA r2 ) 0.78.17 e Also sulfur fragments were included
in the PSA calculation.7 f Ref 5. g Ref 16.

PSA is also included. In all cases, the TPSA methodology performs quite well, providing results of the same
quality as the computationally much more demanding
3D PSA (including so-called dynamic PSA,12 based on
the Boltzmann-weighted average values computed from
an ensemble of low-energy conformations obtained by
a detailed conformational search). All molecular datasets
described in Table 2 including molecular structures,
experimental absorption data, and calculated TPSA are
available as Supporting Information.
In Table 3 the PSA values calculated by three different methods, namely dynamic PSA,9 single-conformer
PSA,10 and TPSA, are compared for 20 representative
drugs from the dataset9 (Figure 3). Both 3D methods
use the same van der Waals atomic radii reported in
ref 10. The methods provide highly correlated results,
namely: dynamic PSA vs TPSA r2 ) 0.982; single-

name

% FAa

TPSAb

dyn 3D PSAc

3D PSAd

metoprolol
nordiazepam
diazepam
oxprenolol
phenazone
oxazepam
alprenolol
practolol
pindolol
ciprofloxacin
metolazone
tranexamic acid
atenolol
sulpiride
mannitol
foscarnet
sulfasalazine
olsalazine
lactulose
raffinose

102
99
97
97
97
97
96
95
92
69
64
55
54
36
26
17
12
2.3
0.6
0.3

50.7
41.5
32.7
50.7
26.9
61.7
41.9
70.6
57.3
74.6
92.5
63.3
84.6
101.7
121.4
94.8
141.3
139.8
197.4
268.7

53.1
45.1
33.0
46.8
27.1
66.9
37.1
73.4
56.5
78.7
94.5
69.2
90.9
100.2
116.6
115.3
141.9
141.0
177.2
242.1

57.2
47.5
34.5
53.2
28.0
55.6
41.8
77.2
60.9
80.1
95.9
71.5
93.3
101.4
129.6
117.3
148.6
147.0
197.8
266.8

a Percent (%) of drug absorbed after oral administration. b Fragment-based PSA. c Dynamic PSA.9 d Single-conformer PSA.10

conformer PSA vs TPSA r2 ) 0.991; dynamic PSA vs
single-conformer PSA r2 ) 0.993.
The main advantage of our fragment-based contribution method is the very high throughput, since the only
processing step required is the identification of polar
fragments in the molecules under study. By using
topological information only (atomic connectivity) contained in the molecule’s SMILES code,21 the Java
program is able to process more than 8000 molecules/
min on a standard 450-MHz PC. This allows calculation
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of PSA descriptors for very large databases or combinatorial libraries. Another advantage of the topological
approach is the fact that the fragment contributions
have been obtained by averaging surface values for
geometries of tens of thousands of representative druglike molecules. In this way, the effect of “conformational
sampling” has been taken into account. This is otherwise only available at the expenses of a computationally
demanding dynamic PSA approach.
Conclusions
A new methodology to calculate molecular polar
surface area as a sum of fragment contributions has
been described. The method is straightforward and does
not require any computationally demanding steps such
as 3D structure generation and surface calculation. The
only input needed is the molecular topology (i.e. SMILES
string). The method is therefore extremely fast and thus
allows virtual bioavailability screening of very large
collections of molecules. Despite this, the results are of
a quality comparable with those obtained by using
computationally much more expensive approaches, as
documented by validation studies with published transport data including intestinal absorption, oral bioavailability, and blood-brain barrier penetration.
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