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AbstractÐA quantitative structure±activity relationship (QSAR) has been formulated to describe the inhibitory action of a series of
alcohols on the cytochrome P-450 catalyzed p-hydroxylation of aniline. The descriptors used in the QSAR are the responses of
individual sensors in a polymer-based electronic nose, and are all easily generated experimental values. If the various electronic nose
sensor response patterns for the family of test alcohols re¯ect di�erences in the chemical properties that are involved in the cyto-
chrome P-450 inhibition process, it ought to be possible to correlate the di�erences in the electronic nose signals of these analytes
with the di�erences in the cytochrome P-450 inhibition by these species. To evaluate this possibility, multiple linear regression was
performed on data obtained from exposure of a series of test alcohols to 19 sensors of a conducting polymer composite electronic
nose array. A genetic algorithm was then used to select the optimal set of sensors that best described the inhibitory activity of these
alcohols within a linear regression model. The regression equation ®t the inhibition data of 20 of the alcohols with an R of 0.995.
This ®t compares favorably with previously published QSARs on this system that have used log P (P�octanol±water partition
coe�cient) along with steric parameters of the alcohols, and also compares favorably to QSARs formulated using theoretically
calculated parameters. # 2000 Elsevier Science Ltd. All rights reserved.

Introduction

Quantitative structure±activity relationships (QSAR)
are frequently used in drug discovery to direct the con-
struction of libraries and to identify target molecules, or
classes of molecules, for detailed experimental investi-
gation with respect to a phenomenon of interest.1,2

Common descriptors include experimental properties,
such as log P (P�octanol±water partition coe�cient),
which is a measure of hydrophobicity, and Hammett
constants, which describe electronic e�ects of individual
substituents, as well as a variety of calculated parameters,
including molecular orbital energies, topological indices,
and steric parameters.2 An advantage of calculated
descriptors is that test molecules need not be synthe-
sized in order to calculate their predicted activity.
However, with large numbers of candidate molecules
now being synthesized via combinatorial methods, a
straightforward test to predict the biological activity of
existing molecules could be quite useful.

The approach evaluated herein for a speci®c, initial test
case uses the experimental data that are generated when
an array of polymer/carbon black composite sensors
that comprise an `electronic nose' is exposed to the
molecules of interest.3 The steady-state change in the
electrical resistances of such sensors can be related to
the equilibrium sorption properties of an analyte vapor
into the polymer ®lms of the various sensors.3 The rela-
tive sorption properties of an analyte into a variety of
di�erent polymers produces a pattern of sensor signals
that allows classi®cation of the analyte based on the
resultant electronic nose sensor response data.3 Although
it is clear that individual gas/polymer partition coe�-
cients can provide information on physicochemical
properties of an analyte, such as its dipole moment,
index of refraction, or water/octanol partition coe�-
cient,4 the di�erences in the relative sorption properties
of various analytes into an array of polymer-composite
based sensors also apparently yields information on the
steric and electronic properties of the analyte. This
information allows discrimination not only between
analytes in distinct functional group classes (alcohols
versus alkanes versus aromatics versus chlorinated
hydrocarbons)3,5 but also between members of a class
(such as straight chain alkanes, straight chain alcohols,

0968-0896/00/$ - see front matter # 2000 Elsevier Science Ltd. All rights reserved.

PI I : S0968-0896(99 )00304-1

Bioorganic & Medicinal Chemistry 8 (2000) 795±805

*Corresponding author. Fax: +1-625-795-7487.



etc.).6 This relative sorption information probed by a
conducting polymer composite sensor array even allows
robust discrimination between closely related analytes
that primarily di�er in their steric properties, such as o-
and m-xylene,7 as well as between enantiomers (pro-
vided that polymers with chiral centers are included in
the electronic nose array).8 If the signi®cant interactions
between a molecule and the binding site of an enzyme
are re¯ected either directly or indirectly in the collection
of di�erential binding constants of that molecule to the
polymers in an electronic nose, then it might be possible
to relate the di�erences in electronic nose patterns to the
relative enzyme binding properties of those same ana-
lytes. The purpose of this work was to evaluate this
hypothesis on a speci®c test system.

In 1973, Cohen and Mannering published the results of
a study on the inhibitory e�ect of alcohols upon the
p-hydroxylation of aniline by cytochrome P-450.9 The
inhibitory action of the alcohols varied greatly with
structure, and most likely occurred through competitive
binding to the active site of the enzyme. In general,
more hydrophobic and/or less branched alcohols exhib-
ited stronger enzymatic inhibition activities. The
authors correlated the activity of the unbranched 1- and
2-alcohols with log P, but the activities of the other
alcohols could not be adequately modeled. Four sub-
sequent QSARs on the same data set have been pub-
lished, with varying degrees of success.10±13 The
examined alcohols are volatile organic compounds and
the measured biological activity is the simple inhibition

of enzymatic activity in a well-understood reaction;
consequently, this system was identi®ed as an excellent
candidate to evaluate the potential use of electronic
nose signals to provide descriptors for such processes. If
the polymer composite sensor signals only probe prop-
erties such as hydrophobicity, then the correlations
between their responses and the test biological activity
ought to be similar to the unsatisfactory correlations
obtained in the cytochrome P-450 alcohol system using
QSAR models that employ only log P as a descriptor.9

Alternatively, if the relative sorption properties into the
polymer composite sensors of the electronic nose also
contain information on a variety of steric and electronic
properties of the analytes, then it might be possible to
obtain improved statistical correlations between the
relative biological activity of these test analytes and
their electronic nose patterns.

Results

Figure 1 presents the relative di�erential resistance
responses for various conducting polymer composite
sensors to three representative alcohols, and Table 1
summarizes all of the sensor response data for the vari-
ous alcohols investigated in this work. Each alcohol
produced a distinct, characteristic response pattern with
the array of sensors chosen for use in this work.

The responses of the 19 working sensors to 20 of the
alcohols (Table 1) were used to build a QSAR model.

Figure 1. Responses (expressed as percent change in electrical resistance relative to baseline resistance) of 19 di�erent polymer/carbon black sensors
upon exposure to ethanol, 3-pentanol, and 2,4-dimethyl-3-pentanol at 5% of their respective vapor pressures. Error bars represent the standard
deviation over 10 exposures.
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Benzyl alcohol and tert-amyl alcohol were excluded
from the ®t because their biological activities were
anomolous.9 The two diols were also excluded while
building the model.

The inhibitory action data of Cohen and Mannering9

are listed in Table 1 The values are expressed as pI50,
where I50 is the concentration of the alcohol (in mM) at
which the activity of the enzyme is 50% inhibited, and
pI50 is the negative logarithm of I50. More positive
numbers correspond to more strongly inhibiting alco-
hols.

The QSAR equations consisted of a linear combination
of descriptors whose coe�cients were obtained by a
least-squares ®tting of predicted to observed biological
activity through multiple linear regression.14 A simple
linear combination was chosen because when the
descriptors were given an exponent that was allowed to
¯oat, the exponents would generally approach unity in
the ®nal ®t. A linear description also has the advantage
that algorithms such as multiple linear regression can be
used to formulate the correlation. Nonlinear data cor-
relation methods such as arti®cial neural networks15

could, in principle, also be used to correlate the pI50
data with the electronic nose sensor array response pat-
terns, and in some cases these methods can outperform
linear methods such as the one employed in this work.16

However, we preferred to limit the formation of our
QSAR to linear methods because of the somewhat lim-
ited number of alcohols (�20) for which pI50 data are
available and because insight into the predictive power
of the various QSAR models with di�erent numbers of
sensors or di�erent weightings of sensor responses can
then be obtained in a straightforward fashion through
reference to conventional statistical metrics.

Due to the large number of combinations of n descrip-
tors (n �19) out of 19 possible descriptors, an e�cient
search procedure was required to explore the various
possibilities and to identify the best ®t (or, at least, the
near-best ®t) from the pool of all possible combinations
of n descriptors for n<20. The genetic function algo-
rithm17 of the QSAR module of Cerius2 was used to
select the best sensors for the QSAR. One hundred
multiple linear regression models were generated from
random combinations of four sensors. These models
were ranked according to a lack-of-®t (LOF) param-
eter,18 as given by eq (1).

LOF � LSE

1ÿ c� dp

M

� �2
�1�

LSE is the least-squares error, c and p are both the
number of descriptors (sets of relative di�erential resis-
tance responses of the sensors in the array) for a simple
linear model such as the one herein, M is the number of
samples (alcohols), and d is the `smoothing parameter',
which is entered by the user (1.0 was used). The LOF
value is therefore an inverse measure of how well the

model ®ts the data, with a penalty for the use of a large
number of descriptors relative to samples.10 From the
set of 100 models, two `parents' are chosen, with a
probability inversely proportional to their LOF, and
`crossed over'Ðsome of the descriptors from each are
used to form a new model. There is then a probability
for `mutation', where a new, randomly chosen, descrip-
tor is added to the `daughter'. If the daughter is not
already present in the population, it replaces the model
with the worst LOF from the population. After 5000
rounds of genetic operation, convergence was generally
reached, in which the optimal models have been found.
The entire procedure was repeated three times, each
with a new starting set of 100 randomly chosen four-sen-
sor equations, and in each case the results converged to
the same ®nal sensor combination and sensor coe�cients.
When the 19 sets of responses from the working sensors
were given to the GFA, a model that incorporated ®ve
of the sensors was found to be optimal. The best ®t is
described by eq (2).

pI50 � 0:51�3� 1:90�9ÿ 3:58�13ÿ 2:14�15

ÿ 0:90�18ÿ 1:29 �2�

n � 20 R � 0:995 s � 0:092 F � 297

The numbers in bold refer to sets of responses from the
sensors with those numbers, n is the number of samples,
R is the correlation coe�cient, and s is the standard
error. The correlation coe�cient of 0.995 indicates that
the ®t was quite good. The F statistic of 297 indicates
that the overall signi®cance of the ®t is very high, in fact
is at a level of 1±10ÿ13. Coe�cients for all sensors are
signi®cant far beyond the 99.9% level, as attested to by
their t statistics (see Table 2). Predicted versus experi-
mental pI50 values are plotted in Figure 2.

Methanol has an inhibition activity distinctly di�erent
from that of the other alcohols, and this can lead to a
misleadingly good ®t through a `point and cluster'
e�ect.14 A second least-squares ®tting of eq (2) was
performed with the exclusion of methanol. The coe�-
cient of 15 changed from ÿ2.14 to ÿ2.20, while those of
the other sensors remained nearly the same. The overall
quality of the ®t declined; F decreased from 297 to 109,
corresponding to a decrease in the sign®cance of the ®t
from the level of 1ÿ (1�10ÿ13) to 1ÿ (4�10ÿ10). The
decreased quality of the ®t occurs because methanol is
modeled well by the equation, but when methanol is
excluded there is much less variation in the data to be ®t.

Discussion

Electronic nose-based QSAR

The selection of which molecules to include in a QSAR
is crucial. It is desirable to use the broadest set of
molecules available to build a QSAR, while not includ-
ing only one or two molecules from a distinctly di�erent
class of compounds. In formulating a QSAR, one can

T. P. Vaid, N. S. Lewis / Bioorg. Med. Chem. 8 (2000) 795±805 797



either try to include molecules that encompass a large
range of variation in many properties in an attempt to
obtain descriptors that will have predictive value for
essentially any molecule of interest, or one can choose a
more restricted set of molecules in which many factors
are kept constant but only a few properties are varied in
an attempt to make predictions that are designed to
describe the response to speci®c changes in a test set of
molecules. We have focused this study on the latter
approach, and attempted only to probe whether the
steric and other chemical di�erences within a test set of
aliphatic alcohols that inhibit cytochrome P-450 hydroxy-
lation could be correlated successfully with the di�er-
ential sorption signatures of these alcohols on an array
of conducting polymer composite electronic nose sen-
sors. This approach was driven not only by the fact that
extensive biological inhibition data in this system is
currently only available for alcoholic inhibitors, but also
by the observation that even in this restricted test set of
molecules, log P, either alone or in combination with
one or two other physicochemical features of the alco-
hols, is not su�cient to provide satisfactory descriptions
of the relative cytochrome P-450 inhibition activity of
alcohols in this test set. Further descriptors that involve

steric or other chemical attributes of the alcohols are
therefore clearly needed in order to capture the experi-
mentally observed variation in pI50, and the goal was to
evaluate whether such descriptors were contained in the
electronic nose response data.

Prior to building the model, it was noted that benzyl
alcohol, the only aromatic alcohol in the data set, has a
higher activity than is predicted by both our QSAR and
another QSAR on the cytochrome P-450 system.13 The
anomalous activity of benzyl alcohol could be accoun-
ted for with an additional descriptor unique to benzyl
alcohol, but the choice of such a parameter is rather
arbitrary, so benzyl alcohol was excluded during the
building of our QSAR. tert-Amyl alcohol was also
excluded because there is evidence that tertiary alcohols
function through a stimulatory mechanism in addition
to the usual inhibitory mechanism.9 As would be
expected if tert-amyl alcohol were also acting through
this stimulatory mechanism, its inhibitory activity is
anomalously low. The two diols were also excluded
while building the model. Because of these limitations,
our QSAR is expected to be most successful at, and
perhaps limited to, predicting the activity of aliphatic
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1-Butanol ÿ0.05 1 (8) 0.23 (0.08) 0.01 (0.15) 1.83 (0.22) 0.56 (0.08) 0.41 (0.17) 0.11 (0.08) 4.04 (0.2) 0.31 (0.7) 1.65 (0.14) 0.74 (0.1)

1-Heptanol 0.68 2 (6) 0.05 (0.1) 0.04 (0.16) 1.9 (0.1) 0.23 (0.02) 0.08 (0.11) ÿ0.07 (0.05) 4.28 (0.21) 0.52 (0.84) 1.66 (0.09) 0.69 (0.04)

1-Hexanol 0.54 3 (6) 0.09 (0.08) 0.03 (0.16) 1.76 (0.04) 0.45 (0.05) 0.11 (0.09) ÿ0.08 (0.05) 5.32 (0.18) ÿ0.07 (0.6) 1.84 (0.05) 0.73 (0.02)

1-Pentanol 0.27 3 (7) 0.17 (0.1) ÿ0.03 (0.13) 1.63 (0.02) 0.58 (0.05) 0.16 (0.1) 0.02 (0.04) 4.97 (0.14) 0.67 (0.58) 1.7 (0.03) 0.67 (0.01)

1-Propanol ÿ0.48 3 (3) 0.55 (0.14) ÿ0.03 (0.19) 1.18 (0.01) 0.57 (0.04) 0.7 (0.09) 0.2 (0.03) 3.17 (0.14) 1.08 (0.82) 1.07 (0.02) 0.4 (0.02)

2,4-Dimethyl-3-pentanol ÿ1.38 2 (1) 0.05 (0.14) ÿ0.02 (0.13) 2 (0.06) 0.17 (0.02) 0.1 (0.11) 0 (0.03) 4.94 (0.25) 0.11 (0.61) 2.49 (0.05) 2.42 (0.09)

2-Butanol ÿ0.35 2 (8) 0.2 (0.13) ÿ0.06 (0.12) 1.35 (0.04) 0.65 (0.1) 0.29 (0.23) 0.14 (0.05) 3.89 (0.29) 0.23 (0.68) 1.62 (0.03) 0.76 (0.04)

2-Heptanol 0.25 1 (2) 0.13 (0.08) ÿ0.04 (0.09) 2.89 (0.54) 0.28 (0.04) 0.11 (0.13) ÿ0.09 (0.05) 4.76 (0.18) 0.23 (0.99) 1.91 (0.06) 0.99 (0.04)

2-Hexanol 0.15 2 (2) 0.16 (0.15) 0.01 (0.15) 1.69 (0.09) 0.37 (0.03) 0.17 (0.11) ÿ0.05 (0.03) 5.1 (0.31) 0.77 (0.42) 1.97 (0.05) 0.92 (0.03)

2-Methyl-1-butanol ÿ0.15 2 (7) 0.04 (0.11) 0.02 (0.12) 1.74 (0.05) 0.34 (0.04) 0.16 (0.14) ÿ0.01 (0.04) 4.76 (0.27) 0.09 (0.73) 1.82 (0.04) 0.91 (0.03)

2-Methyl-1-propanol ÿ0.39 1 (6) 0.12 (0.07) 0.01 (0.12) 1.84 (0.15) 0.48 (0.08) 0.28 (0.14) 0.1 (0.03) 3.98 (0.2) 0.47 (0.59) 1.65 (0.1) 0.78 (0.08)

2-Methyl-3-pentanol ÿ0.89 1 (1) 0.13 (0.09) 0.06 (0.11) 2.34 (0.33) 0.29 (0.05) 0.19 (0.11) ÿ0.03 (0.04) 5.24 (0.26) 0.76 (0.61) 2.17 (0.02) 1.59 (0.04)

2-Pentanol ÿ0.07 3 (8) 0.06 (0.06) ÿ0.03 (0.13) 1.41 (0.02) 0.57 (0.07) 0.14 (0.09) 0 (0.07) 4.9 (0.19) 0.68 (0.55) 1.77 (0.02) 0.82 (0.02)

2-Propanol ÿ0.47 1 (7) 0.24 (0.08) 0.13 (0.14) 1.58 (0.23) 0.57 (0.06) 0.62 (0.17) 0.14 (0.06) 3.31 (0.31) 0.4 (0.88) 1.45 (0.07) 0.63 (0.04)

3-Hexanol ÿ0.47 3 (1) 0.07 (0.08) 0.01 (0.13) 1.57 (0.03) 0.4 (0.04) 0.07 (0.08) ÿ0.06 (0.05) 5.56 (0.23) 0.02 (1.03) 1.81 (0.04) 1.07 (0.01)

3-Methyl-1-butanol ÿ0.19 3 (5) 0.08 (0.08) 0.03 (0.08) 1.49 (0.02) 0.39 (0.03) 0.07 (0.07) 0.01 (0.04) 4.82 (0.13) 0.08 (0.83) 1.77 (0.02) 0.75 (0.02)

3-Pentanol ÿ0.37 2 (4) 0.11 (0.09) 0.08 (0.15) 1.52 (0.04) 0.55 (0.06) 0.16 (0.13) ÿ0.01 (0.05) 4.83 (0.41) ÿ0.13 (0.81) 1.79 (0.03) 1.03 (0.04)

Ethanol ÿ1.1 2 (3) 1.52 (0.15) 0.19 (0.14) 1.08 (0.02) 0.59 (0.05) 2.19 (0.17) 0.31 (0.03) 2.19 (0.14) 4.03 (0.74) 0.78 (0.03) 0.2 (0.04)

Methanol ÿ3.09 1 (3) 3.71 (0.23) 0.57 (0.12) 1.33 (0.1) 0.55 (0.03) 2.51 (0.21) 0.4 (0.07) 1.82 (0.22) 7.76 (0.78) 0.69 (0.03) 0.15 (0.04)

Neopentanol (solid) ÿ0.67 3 (2) 0.03 (0.1) 0 (0.18) 1.37 (0.04) 0.14 (0.03) ÿ0.01 (0.05) 0.02 (0.03) 3.28 (0.2) ÿ0.13 (0.79) 1.54 (0.05) 0.94 (0.03)

Benzyl alcohol 0.32 1 (4) 0.06 (0.07) 0.04 (0.13) 3.05 (0.91) 0.22 (0.03) 0.1 (0.07) ÿ0.03 (0.05) 2.07 (1.01) ÿ0.1 (0.59) 0.58 (0.34) 0.33 (0.17)

tert-Amyl alcohol ÿ2.56 1 (5) 0.1 (0.1) ÿ0.07 (0.14) 1.77 (0.24) 0.39 (0.07) 0.26 (0.14) 0.06 (0.05) 3.91 (0.29) 0.35 (0.62) 2.05 (0.12) 1.04 (0.08)

1,3-Propanediol ÿ1.87 3 (4) ÿ0.02 (0.1) 0.04 (0.12) 0.17 (0.02) 0.06 (0.02) ÿ0.01 (0.05) 0.01 (0.03) 0.4 (0.19) ÿ0.39 (0.8) 0.06 (0.01) 0.02 (0.02)

1,4-Butanediol ÿ1.41 2 (5) ÿ0.01 (0.09) ÿ0.01 (0.15) 0.19 (0.2) 0.06 (0.06) 0.04 (0.06) ÿ0.02 (0.04) 0.81 (0.68) ÿ0.09 (0.79) 0.14 (0.15) 0.05 (0.05)

aFirst three columns give the name of the alcohol, its experimental pI50 value,
4 and this run in which it was analyzed (and the bubbler in which it was placed). The remainder of

the table lists the responses (expressed as % change in electrical resistance relative to baseline resistance) of the 19 di�erent polymer/carbon black sensors upon exposure to the

alcohols at 5% of their respective saturated vapor pressures. The standard deviation of the responses over 10 trials are given in parentheses. Sensor 14 was not functioning. The

last four alcohols were not used in building the model.
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mono-alcohols having no other functionalities. We did
not attempt to describe features of other functional
groups in the QSAR, nor to evaluate the properties of
other enzyme binding sites, so the results and QSAR
modeling discussed herein are clearly limited to the
alcohol/cytochrome P-450 system.

The sensors chosen for the model by the GFA are
among those whose responses are most reproducible.
Reproducibility was measured by examining the set of
10 responses of a given sensor to a given analyte. The
value Si, j is de®ned as the standard deviation among the
10 responses of the jth sensor to the ith alcohol divided
by the average of those responses. Each sensor has a set
of 20 S values, one for each alcohol. A sensor's repro-
ducibility can be gauged by the median of its set of S
values. Four of the ®ve sensors used in the model dis-
played median S values less than 0.063, ranking them
among the best seven sensors. The only sensor outside
this group, 15, responded only to very polar analytes.
Since its response to the majority of the analytes was
quite small, its S value for those analytes is very large.
However, for the analytes to which it did respond, for
example methanol and ethanol, its S values are small,

0.040 and 0.041, respectively. The inclusion of 15 might
be questioned if it were necessary only to model the
activity of one analyte, namely the outlier methanol. To
test the validity of including 15 in the QSAR, eq (2) was
re®t with the same set of sensors and all of the pre-
viously used alcohols, excluding methanol. In the new
QSAR, the signi®cance of 15, as indicated by its t value,
diminished to 98%. The decrease is large, but 15
remains signi®cant. If the set of ®ve sensor responses to
methanol are substituted into the second QSAR equa-
tion, which was formed with no information about
methanol, the predicted pI50 of methanol is ÿ3.12,
which is very close to its experimental value of ÿ3.09. It
appears that whatever molecular characteristics are
probed by 15 are successfully extrapolated from the
more moderately polar analytes to methanol. In other
words, 15 is not just an indicator variable for methanol
that is ®t with an arbitrary coe�cient.

A quantitative measure of the predictive power of the
QSAR can be obtained by building a model using the
biological and sensor response data from all the mol-
ecules except one, and then predicting the activity of the
excluded molecule with that model. The procedure is

Table 1 contd.
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1-Butanol 0 (0.02) ÿ0.01 (0.01) 0.23 (0.1) 0 (0) 0.42 (0.02) 1.14 (0.27) 2.37 (0.25) 0.12 (0.06) ÿ0.46 (0.73)

1-Heptanol 0.01 (0.03) 0 (0.01) 0.3 (0.02) 0 (0) 0.41 (0.03) 0.45 (0.22) 1.23 (0.14) 0.01 (0.02) ÿ0.01 (0.82)

1-Hexanol 0.01 (0.03) ÿ0.01 (0.02) 0.28 (0.01) 0 (0) 0.49 (0.02) 0.89 (0.14) 1.79 (0.08) 0.04 (0.03) 0.23 (0.94)

1-Pentanol 0.01 (0.02) 0 (0.02) 0.21 (0.01) 0.01 (0) 0.46 (0.02) 1.04 (0.18) 1.95 (0.06) 0.07 (0.06) ÿ0.21 (0.8)

1-Propanol 0.01 (0.03) ÿ0.02 (0.02) ÿ0.03 (0.01) 0.02 (0) 0.28 (0.02) 1.51 (0.2) 2.12 (0.11) 0.25 (0.04) 0.47 (0.59)

2,4-Dimethyl-3-pentanol 0.02 (0.02) 0.03 (0.02) 1.19 (0.04) 0 (0.01) 0.72 (0.02) 0.54 (0.21) 1.85 (0.04) 0.01 (0.02) ÿ0.29 (0.69)

2-Butanol 0 (0.03) ÿ0.02 (0.01) 0.26 (0.01) 0 (0) 0.4 (0.02) 1.03 (0.23) 1.95 (0.09) 0.13 (0.02) 0.17 (0.32)

2-Heptanol 0 (0.03) 0.01 (0.03) 0.45 (0.02) 0 (0) 0.49 (0.03) 0.62 (0.19) 2.13 (0.49) 0.03 (0.01) ÿ0.03 (0.32)

2-Hexanol ÿ0.01 (0.02) 0.1 (0.02) 0.45 (0.01) 0.01 (0) 0.51 (0.01) 0.77 (0.21) 1.73 (0.11) 0.03 (0.02) 0.08 (0.76)

2-Methyl-1-butanol ÿ0.01 (0.02) ÿ0.01 (0.01) 0.41 (0.01) 0 (0.01) 0.45 (0.02) 0.77 (0.24) 2.08 (0.11) 0.03 (0.03) 0.15 (0.84)

2-Methyl-1-propanol 0 (0.02) ÿ0.04 (0.02) 0.28 (0.07) 0 (0) 0.41 (0.02) 1.01 (0.21) 2.41 (0.19) 0.09 (0.05) 0.2 (0.5)

2-Methyl-3-pentanol 0 (0.03) 0.08 (0.02) 0.75 (0.02) 0.01 (0) 0.59 (0.02) 0.7 (0.2) 2.34 (0.25) 0.03 (0.03) ÿ0.09 (0.84)

2-Pentanol ÿ0.01 (0.02) 0 (0.01) 0.34 (0.01) 0 (0) 0.45 (0.02) 1.03 (0.28) 1.85 (0.07) 0.07 (0.05) ÿ0.12 (0.79)

2-Propanol 0 (0.02) ÿ0.04 (0.03) 0.16 (0.05) 0 (0) 0.36 (0.03) 1.15 (0.17) 2.34 (0.29) 0.14 (0.04) ÿ0.04 (0.47)

3-Hexanol 0.01 (0.02) 0.01 (0.02) 0.51 (0.01) 0 (0) 0.53 (0.02) 0.87 (0.2) 1.63 (0.1) 0.06 (0.08) ÿ0.12 (0.74)

3-Methyl-1-butanol ÿ0.01 (0.04) ÿ0.04 (0.02) 0.36 (0.01) 0 (0) 0.42 (0.02) 0.9 (0.12) 1.85 (0.06) 0.03 (0.03) ÿ0.09 (0.73)

3-Pentanol ÿ0.01 (0.01) ÿ0.01 (0.02) 0.43 (0.01) 0 (0) 0.5 (0.03) 0.96 (0.31) 1.85 (0.1) 0.07 (0.04) 0.14 (0.71)

Ethanol 0.14 (0.03) ÿ0.03 (0.02) ÿ0.13 (0.03) 0.17 (0.01) 0.23 (0.02) 1.44 (0.25) 2.14 (0.1) 0.42 (0.04) ÿ0.11 (0.63)

Methanol 0.57 (0.03) 0.52 (0.05) ÿ0.01 (0.01) 0.62 (0.03) 0.21 (0.02) 1.58 (0.25) 2.78 (0.2) 0.27 (0.03) 0.11 (0.7)

Neopentanol (solid) 0 (0.03) 0 (0.02) 0.42 (0.01) 0 (0) 0.34 (0.02) 0.39 (0.2) 1.75 (0.07) 0.01 (0.03) ÿ0.21 (0.56)

Benzyl alcohol ÿ0.01 (0.02) ÿ0.04 (0.02) 0.11 (0.08) 0 (0) 0.17 (0.11) 0.34 (0.26) 1.36 (0.48) 0.01 (0.04) ÿ0.5 (0.76)

tert-Amyl alcohol 0 (0.02) ÿ0.03 (0.02) 0.47 (0.06) 0 (0) 0.46 (0.01) 0.74 (0.16) 2.26 (0.23) 0.08 (0.03) 0.09 (0.48)

1,3-Propanediol ÿ0.01 (0.04) ÿ0.03 (0.02) 0.02 (0.01) 0 (0) 0.01 (0.02) 0.09 (0.18) 0.09 (0.09) 0 (0.13) 0.04 (0.78)

1,4-Butanediol ÿ0.01 (0.02) ÿ0.03 (0.02) 0.03 (0.02) 0 (0.01) 0.04 (0.04) 0 (0.14) 0.13 (0.13) 0.01 (0.03) ÿ0.32 (0.87)
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repeated for each molecule in the data set, and the pre-
dictive sum of squares (PRESS) is de®ned as the sum,
over all analytes, of the squared di�erences between the
predicted and actual biological activities. Using eq (2),
the PRESS for the set of 20 alcohols is 0.221. This value
can be compared to the residual sum of squares, RSS, in
which one QSAR equation (®t to all samples) is used to
calculate the predicted activities. As would be expected,
the RSS of 0.117 is lower than the PRESS. More sig-
ni®cantly, a large di�erence between the PRESS and
RSS would imply that the model had used too many
parameters and over®t the data, and this appears not to
be the case.

An optimum ®t (as judged by the LOF parameter) was
found to require ®ve descriptors; no equation with a
di�erent number of descriptors formed as signi®cant a
model. The best 1, 2, 3, 4, 5, and 6 sensor ®ts are given
in Table 3. As expected, the correlation coe�cient
increased with each added descriptor. However, the ®ve-
sensor model produced a minimum in the PRESS and a
maximum in the signi®cance of the equation. The best

four-sensor QSAR, consisting of sensors 1, 13, 16 and
17, has an R � 0:984, s � 0:163, and F � 114, indicating
an overall signi®cance at the level of 1ÿ (5�10ÿ11). The
PRESS for this model had a value of 0.991, so addition
of the ®fth descriptor clearly enhanced the predictive
ability of the QSAR. However, if 4 is added to eq (2) to
form the best six-sensor equation, certain key statistics
point to a diminished model relative to the ®ve-sensor
®t. As would be expected with an additional parameter,
R increases, from 0.995 to 0.996. Additionally, the
standard error decreases from 0.0916 to 0.0834, the RSS
decreases from 0.117 to 0.090, and the F statistic
increases from 297 to 300. However, the signi®cance of
the ®t, represented by the F statistic, decreases from 1ÿ
(1.08 �10ÿ13) to 1ÿ (3.66 � 10ÿ13). The PRESS increa-
ses from 0.221 to 0.253. Thus, although the six-sensor
model ®ts the set of 20 alcohols better than the ®ve-
sensor model, the six-sensor model is worse at predict-
ing the activity of an alcohol that was not included in
the ®t, indicating that the six-sensor model has over®t
the data.

As described above, the cytochrome P-450 p-hydroxy-
lation inhibition activities of all the aliphatic mono-
alcohols investigated in this work could be quite accu-
rately predicted from a model that was constructed
without the use of any information about the molecular
structure of the alcohols for which the predictions are
made. This indicates that the resistance data output of
the electronic nose contains implicit information on
most of the chemical factors that control the interac-
tions of the enzyme with the alcohols. These resistance
data re¯ect the binding interactions between the alco-
hols and a collection of polymers having a diverse col-
lection of chemical attributes. Selection of the polymers
used in the current version of the electronic nose is based
upon experience in our laboratory and in other labora-
tories19,20 aimed at obtaining a set of diverse polymers
having a broad distribution of chemical properties, such as
polarity, hydrogen bonding interactions, hydrophobicity,
etc., that are capable of probing a variety of both physico-
chemical (log P, etc.) and stereochemical (isomeric,
enantiomeric) features of analytes. The di�erential
sorption properties of analytes into these polymers
therefore clearly contain chemical information on rela-
tively subtle di�erences between analytes, and allow
classi®cation of such analytes and correlation of their
electronic nose sensor patterns with other physico-
chemical properties, such as pI50 values in this initial
test case. However, the set of polymers that we have
used in this initial test study is not unique nor exhaus-
tive, and it is certainly possible that improvements in the
diversity of the polymers in the sensor array, and/or
inclusion of a more exhaustive set of polymers that
encompasses still further types of interactions with the
analytes of concern, would provide yet improved per-
formance in formulating a QSAR model for the alco-
hol/cytochrome P-450 system. This would be especially
true if certain aspects of the binding to the active site in
the system being evaluated had not been included in the
conducting polymer composite sensors used to for-
mulate the QSAR model. For example, enantiomeri-
cally pure polymers would certainly be required if the

Table 2. Regression statistics for the coe�cents of eq (2)a

Coe�cient Standard error t Statistic P-value

Intercept ÿ1.29 0.27 ÿ4.71 3.32E-04
3 0.51 0.07 6.93 6.98E-06
9 1.90 0.19 9.92 1.03E-07
13 ÿ3.58 0.21 ÿ17.13 8.70E-11
15 ÿ2.14 0.27 ÿ7.91 1.56E-06
18 ÿ0.90 0.08 ÿ11.34 1.94E-08

aThe t statistics is equal to the value of the coe�cient divided by its
standard error; it is used to derive the P value, which indicates the
signi®cance of the coe�cient.

Figure 2. Plot of pI50 predicted by eq (2) versus the actual experi-
mental values. Horizontal error bars represent an average experi-
mental error as reported in the original paper,4 and vertical error bars
correspond to the standard error of eq (2). The line represents perfect
agreement between experiment and prediction.
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binding site under evaluation were chiral and the ana-
lytes were enantiomerically pure. The present diversity
of polymers seems to be adequate for the present study,
because the resulting QSAR model captures most of the
variance in the cytochrome P-450/alcohol pI50 data and
the model has a good predictive value for new members
of this test set of aliphatic alcohols. The main point is
that it is not necessary that an individual polymer probe
speci®cally and exclusively one such descriptor of the
analyte±substrate interaction, because the desired infor-
mation can apparently be obtained through analysis of
the collective response of an array of broadly responsive
sensors to the analytes.

Comparison with other QSARs

Cohen and Mannering ®t the activity of 11 of the
unbranched 1- and 2-alcohols (excluding methanol) to a
one parameter equation using log P.9 A modi®ed ver-
sion, using updated log P values and ®t to only 10
alcohols (excluding methanol and ethanol), was given
later by Shusterman (eq (3)).13

pI50 � 0:43 logPÿ 0:53

n � 0 R � 0:954 s � 0:128 �3�

However, Shusterman also showed13 that, for a larger
set of alcohols, a simple ®t to log P was inadequate to
describe most of their activity; a ®t of 19 of the alcohols
yielded eq (4), which has rather poor regression statis-
tics.

pI50 � 0:35 logPÿ 0:71

n � 19 R � 0:505 s � 0:468 �4�
In a second equation using two descriptors, log P and
(log P)2, Cohen and Mannering ®t 17 of the alcohols
with an R of 0.98 (eq. (5)).9

pI50 � 1:50 logPÿ 0:36 �logP�2 � 1:75

n � 17 R � 0:98 s � 0:44 �5�
Although this was a better ®t, it used more descriptors.
Additionally, it is evident from inspection of the data
that there are factors besides hydrophobicity that
determine an alcohol's activity. Four subsequent
QSARs have therefore been used to model the data set
more fully,10±13 and some aspects of these models are
discussed below.

A more complex, three-parameter QSAR was based
upon log P, a calculated electronic parameter (EHOMO),
and a steric parameter (BULKlat) (eq. (6)).

10

pI50 � 16:2 logPÿ 16:0 log bP� 1� � ÿ 1:35 �6�
BULKlat � 0:381 eHOMO � 22:5

n � 21 R � 0:982 s � 0:170 log � � 1:05

Shusterman and Johnson,13 however, pointed out that
the use of eHOMO as a parameter was unjusti®ed since it
was necessary only to ®t benzyl alcohol, and becomes
an insigni®cant parameter (as indicated by its t value)
when benzyl alcohol is excluded from the data set.
Similarly, these authors showed13 that the bilinear
dependence of pI50 upon log P of eq (6) was necessary
only to ®t a single data point, methanol.

Another QSAR, based on a choice of molecular con-
nectivity indices,21 has also been used to model the
activity of 20 of the alcohols (benzyl alcohol and tert-
amyl alcohol were excluded) (eq (7)).11

pI50 � ÿ6:88 1= 0wv
ÿ �ÿ 1:14 4wPC

ÿ �� 1:85 �7�
n � 20 R � 0:983 s � 0:156

The parameter 0wv, the zero-order valence molecular
connectivity index, basically corresponds to molecular
size, and therefore hydrophobicity, for this set of mol-
ecules. Hence, the inverse of the index has a negative
coe�cient in eq (7). The parameter 4wPC, the fourth-
order path/cluster molecular connectivity index, corre-
lates with the degree of branching in the molecule, and
therefore also has a negative coe�cient in eq (7).

A third QSAR, which relies entirely upon calculated
electronic parameters as descriptors, has been con-
structed and used to ®t all 22 alcohols.12 Shusterman13

noted problems with the QSAR. For example, it was
asserted that the a-carbon of the alcohols was acting as
an electron acceptor from the enzyme, because a corre-
lation between activity and QCL, the electron density on
the a-carbon in the LUMO, was found. QCL is corre-
lated with log P (R � 0:747), to some extent explaining
the ®t. Two alcohols, 3-methyl-1-butanol and 2,4-di-
methyl-3-pentanol, were poorly ®t, and no rationalization
was presented for why the correlation with QCL would
not apply to these two substrates as well.12

Finally, Shusterman created a QSAR based on log P
and two steric parameters, M and A, which were used to
describe the branching of the alcohols.13 M is the num-
ber of carbons beyond the methyl substituent in Figure
3; thus, 1- and 2-alcohols have an M � 0, while M for
3-pentanol would be 1, andM for 2,4-dimethyl-3-pentanol

Table 3. The best QSAR equations using 1±6 sensors and their regression statistics

# of sensors Equation R S F Signi®cance PRESS

1 ÿ0.105 ÿ 0.343(8) 0.777 0.526 27 5.58E-05 7.73
2 0.706ÿ1.01(1)ÿ0.847(10) 0.917 0.342 45 1.57E-07 2.66
3 0.599 ÿ 4.72(6) ÿ 1.87(13) ÿ 2.91(15) 0.969 0.22 81 6.72E-10 1.65
4 ÿ0.473 ÿ 0.547(1) ÿ 4.86(13) + 7.64(16) ÿ 1.46(17) 0.984 0.163 114 4.75E-11 0.991
5 ÿ1.29+0.511(3)+1.90(9)ÿ3.58(13)ÿ2.14(15)ÿ0.901(18) 0.995 0.092 297 1.08E-13 0.221
6 ÿ1.39 + 0.401(3) ÿ 0.486(4) + 2.14(9) ÿ 3.93(13) ÿ 2.06(15) ÿ 0.791(18) 0.996 0.083 300 3.66E-13 0.253
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is 2. The second parameter, A, refers to the number of
branched carbons in the main chain; A � 1 for 2-methyl-
1-butanol and 2 for neopentyl alcohol. A ®t of 19 of the
alcohols (benzyl alcohol, tert-amyl alcohol, and metha-
nol were excluded) yielded eq (8). The negative coe�-
cients for M and A indicate the loss of activity with
branching.

pI50 � 0:48 logPÿ 0:65Mÿ 0:31Aÿ 0:60 �8�
n � 19 R � 0:955 s � 0:71

To compare the electronic nose QSAR to those of
Sabljic11 and Shusterman,13 one must use statistics that
take into account the number of descriptors used. Table
4 lists some appropriate statistics for comparison.
Because the electronic nose QSAR model uses more
parameters, it is inappropriate to compare just either
the correlation coe�cients, standard error, or residual
sum of squares of the models. To some extent, the
PRESS should be independent of the number of param-
eters in a model, since the model is tested upon mol-
ecules about which it has no information. The PRESS
of the electronic nose QSAR model is signi®cantly lower
than the other two models of interest. Finally, the F
statistic gauges the overall signi®cance of the ®t while
accounting for the number of parameters used. By this
measure, the electronic nose QSAR is approximately as
signi®cant as Sabljic's11 and more signi®cant than
Shusterman's.13

We also performed our own QSAR modeling based on
calculated parameters. A large number of descriptors
were calculated for the 20 molecules of this study using
Cerius2. These descriptors were obtained for a speci®c,
energy-minimized molecular geometry. The results of

the best 1±5 descriptor equations are given in Table 5.
Perhaps because of the number of descriptors (>100)
from which the utilized ones were chosen, very good
QSARswere discovered. The best three-descriptor equation
yielded a ®t similar to that of the ®ve-sensor equation
(eq (2)). The `charged partial surface area' descriptors of
Jurs22 are strikingly common in this set of equations.
This is not unexpected because these descriptors were
developed speci®cally to better describe polar inter-
molecular interactions, which are presumably important
in the interaction of the alcohols with the binding site of
cytochrome P-450.

The goal of this work was not to compare the performance
of calculated descriptors versus experimentally-obtained
ones, to decide which approach would be superior on
the test system of concern, but instead to ascertain
whether it would be possible to describe successfully the
chemical binding interactions involved in an enzyne
inhibition event from the measured responses of a
broadly-responsive array of sensors. The results clearly
imply that the important chemical interactions involved
in the partitioning of the aliphatic alcohols into the
enzyme binding site are probed by the array responses.
If only physicochemical factors such as log P were
dominant in determining the pI50 values, then the earlier
QSAR models would not require inclusion of additional
parameters to satisfactorily model the variation in
cytochrome P-450 alcohol inhibition constants. Fur-
thermore, the di�erences between response patterns of
these alcohols on the electronic nose sensor array seem
to be successfully capturing these other chemically
based factors, otherwise it would not be possible to
correlate the di�erential response patterns with the
experimentally observed inhibition data.

Obtaining chemical insight into the nature of the domi-
nant binding forces involved in the reaction being mod-
eled would require a complete understanding of the
chemical factors that determine the analyte partitioning
into each polymer in the electronic nose. It is possible to
choose descriptors for each analyte/polymer sorption
event and to project these descriptors onto the sensor
response data, thereby obtaining an indication of the
fractional contribution of each chosen descriptor to the
overall QSAR model. For example, each sensor could
be characterized in terms of its response to analyte
polarity, surface area, volume, branching factor, hydro-
gen bonding properties, etc., and the weighted sensor
responses in the resulting cytochrome P-450 pI50 QSAR
model could be used to evaluate the contribution of

Figure 3. Diagram illustrating the M and A steric parameters of
Shusterman and Johnson.9

Table 4. Comparison of selected regression statistics from the QSAR of Sabljic,6 Shusterman,8 (eq (2)), and the QSAR created when the coe�cients

of eq (2) were ®t to the 19 alcohols beside methanola

Data pts ®t Descriptors used R s RSS F Signi®cance PRESS

Sabljic11 20 2 0.983 0.156 0.414 250 2.51E-13 0.872
Shusterman13 19 3 0.956 0.17 0.436 53 3.34E-08 0.786
Eq (2) 20 5 0.995 0.092 0.117 297 1.08E-13 0.221
Eq (2), no methanol 19 5 0.988 0.095 0.117 109 3.89E-10 0.243

aR is the correlation coe�cient, s is the standard error, and RSS and PRESS are explained in the text. The ®nal column is the overall signi®cance of
the regression equation.
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each of these descriptors to the correlation model of the
data. However, using such a process itself requires a
choice of descriptors, and is in essence similar to the
modeling that has been done previously based on purely
computational QSAR formulations of the pI50 data in
the test system of concern. The electronic nose approach
is a `black-box' in the sense that one need not choose
descriptors nor make assumptions regarding which
computational parameters to use to capture the varia-
tion in the binding constant data, provided that the
array of polymers is diverse enough that it can capture
the important chemical e�ects in its response data, as is
apparently the case for this test system with the present
sensor array.

The present work therefore suggests that, at least in
certain cases, a library of electronic nose data might be
useful in predicting binding a�nities for members of a
library of molecules towards a number of di�erent
binding sites, once su�cient data points have been col-
lected to construct a statistically signi®cant predictive
model for the binding site/analyte set of concern. The
gas/polymer partitioning that produces the electronic
nose sensor response patterns likely yields more direct
information on physicochemical properties such as log
P, etc., so that properties such as passive transmem-
brane di�usion, bioavailability, or even binding to
albumin (where the binding site is hydrophobic and
relatively indiscriminate), where the correlations at pres-
ent are empirical and non-structure based and pre-
dominantly re¯ect the sorption properties of the species
of concern, might be readily correlated with the elec-
tronic nose sensor response data and might ultimately
represent areas in which correlations of biological
activity with the electronic nose signatures would be the
most valuable. The present work suggests that, in certain
cases, even more subtle steric/chemical interaction data
is available from the di�erential sorption pattern data
produced by the electronic nose and that, at least in this
speci®c initial test case, such response data can be cor-
related with the inhibition properties of a test set of
alcohols in the cytochrome P-450 hydroxylation pro-
cess, which probes to some extent the steric factors of
the inhibitor. It remains to be evaluated whether such
correlations can be extended to other systems that dis-
play yet more discriminating steric binding selectivity.

The limitations of this method will of course depend on
the breadth of the class members represented in the
library, the interactions that are probed by the polymers
chosen for the electronic nose array, and the speci®city
of the binding interactions. Studies to evaluate the trade-
o�s between these various factors in other scenarios of
interest are underway at present.

Conclusions

We have created a QSAR based on the relative di�er-
ential resistance responses of an array of conducting
polymer composites that models the inhibition of cyto-
chrome P-450 p-hydroxylation of aniline by a set of ali-
phatic alcohols. The QSAR is at least as successful as
two previously published QSARs, having a correlation
coe�cient of 0.995, an F statistic of 297, and an overall
statistical signi®cance of the ®t at a level of 1±10ÿ13.
Coe�cients for all sensors in the model are signi®cant
far beyond the 99.9% level. The electronic nose QSAR
model is of interest because it implies that the di�erent
response patterns of the various alcohols on the elec-
tronic nose are apparently su�ciently sensitive to steric
and other molecular factors to allow correlation with
the variation of inhibition activities for this particular
enzymatic reaction.

Experimental

Materials

Poly(4-vinylpyridine), poly(vinylchloride), poly(stryrene-
co-allyl alcohol), poly(vinylacetate), ethyl cellulose,
poly(ethylene-co-acrylic acid) (15% acrylic acid), 1,2-
poly(butadiene), poly(butadiene) (36% cis and 55%
trans 1±4), poly(methyloctadecylsiloxane), poly(2,4,6-tri-
bromostyrene), and poly(styrene-co-acrylonitrile) were
purchased from Scienti®c Polymer Products. Poly(4-
vinylphenol), poly(methylvinylether-co-maleic anhydride),
poly(vinylbutyral), and poly(ethylene glycol) were pur-
chased from Polysciences. Poly(ethylene oxide), poly
(ethylene-co-vinyl acetate) (18% vinyl acetate),
poly(vinylpyrrolidone), poly(styrene), and poly(methyl-
methacrylate) were purchased from Aldrich. The carbon

Table 5. The best QSAR equations using 1±5 calculated descriptors from Cerius2 and their regression statisticsa,b

# of
descriptors

Equation R s F Signi®cance PRESS

1 19.60 ÿ 2.98(LUMO) 0.855 0.433 49 1.55 E-06 5.73
2 3.07 ÿ 0.0908(PMI-X) ÿ 11.7(Jurs-RPCG) 0.974 0.194 159 9.85 E-12 0.97
3 0.808 ÿ 1.52(Jurs-WNSA-3) ÿ 23.8(Jurs-FNSA-1) ÿ 0.0747(V-ADJ-mag) 0.994 0.093 479 7.18E-16 0.211
4 4.57 ÿ 0.130(MolRef) + 27.6(Jurs-FNSA-2) ÿ 1.71(Jurs-WNSA-3)

ÿ8.52(Jurs-RNCG)
0.998 0.057 962 7.01E-18 0.083

5 ÿ3.92 ÿ 0.154(Jurs-RNCS) ÿ 1.89(Jurs-WNSA-3) + 0.0764(Jurs-PNSA-2)
ÿ0.519(Foct) ÿ 0.590(CHI-V-O)

0.999 0.048 1076 1.41E-17 0.061

aFor further information and references pertaining to the descriptors, see ref 23.
bCHI-V-O, zero order molecular connectivity index; Foct, 1-octanol desolvation free energy; Jurs-FNSA-1, fractional charge weighted negative
surface area; Jurs-FNSA-2, fractional atomic charge weighted positive surface area; Jurs-PNSA-2, total charge weighted negative surface area; Jurs-
RNCG, relative negative charge; Jurs-RNCS, relative negative surface area; Jurs-RPCG, relative positive charge; Jurs-WNSA-3, surface weighted
atomic charge negative surface area; LUMO, LUMO energy (eV) calculated at the CNDO/2 level; MolRef, molar refractivity; PMI-X, principal
moment of inertia along x-axis; V-ADJ-mag, vertex adjacency/magnitude.
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black was Black Pearls 2000 from Cabot Corporation.
Alcohols were purchased from Aldrich, except 2-methyl-
3-pentanol (Lancaster), methanol and 2-propanol (EM
Science), ethanol (Quantum), and 3-methyl-1-butanol
(Acros).

Sensors and instrumentation

Polymers were generally dissolved in tetrahydrofuran,
except for poly(4-vinylpyridine) and poly(vinylpyrroli-
done), which were dissolved in ethanol, and poly
(ethylene-co-vinyl acetate) (18% vinyl acetate), 1,2-
poly(butadiene), and poly(butadiene) (36% cis and 55%
trans 1±4), which were dissolved in toluene. Each polymer
(160 mg) was dissolved in its respective solvent (20 mL)
either at room temperature or by heating to 35±40 �C
for several hours. Carbon black (40 mg) was added and
the suspension sonicated for at least 20 min.

Corning microscope slides were cut into 10�25 mm
pieces to provide substrates for the sensors. A 7±8 mm
gap across the middle of each piece was masked while
300 nm of chromium and then 500 nm of gold was evap-
orated onto the ends of the slides to form the electrical
contacts. Sensors were formed by spin-coating polymer/
carbon black suspensions onto the prepared substrates.
The resulting ®lms were then allowed to dry overnight.

Measurements

The instrumentation and apparatus for resistance mea-
surements and for the delivery of vapors have been
described previously.5 Eight bubblers for generation of
vapors were available, so the 22 alcohols and two diols
were divided into three groups of eight, as indicated in
Table 1. To pre-condition the sensors, prior to each of
the three runs, the sensors were subjected to 40 expo-
sures, ®ve to each of the eight analytes. Data collection
then consisted of a set of 10 exposures to the eight ana-
lytes, with the 80 exposures performed in randomized
order to eliminate systematic errors from any history
e�ects. In the third run, bubbler 2 was replaced by a
Pyrex tube 37 cm in length with a 1 cm inner diameter.
This tube was loaded with �25 cm of grannular, solid
neopentanol. Flow rates were calculated to give 100
mL/min of saturated vapor from the bubblers, which
were of su�cient path length to provide saturated
vapors.3 The background air ¯ow was 1900 mL/min, so
that the analyte concentration delivered to the sensors
was 5% of the analyte's saturated vapor pressure at
room temperature. The ability of the vapor delivery
system to provide the expected analyte concentrations
based on the input and control settings to the mass ¯ow
controllers was veri®ed using a calibrated ¯ame ioniza-
tion detector that sampled several test analyte gas
streams being delivered to the sensor chamber.

An exposure consisted of 300 s of background air ¯ow,
followed by 300 s of ¯ow of analyte at 5% of its vapor
pressure, followed by 300 s of background air. The dc
resistance of each sensor was measured at intervals of
approximately 6 s using a multiplexing ohmmeter. The
baseline resistance of a sensor was taken as an average

of all measurements of the resistance of that sensor
acquired over a 60 s period that started between 60 and
66 s prior to the start of the exposure to an analyte. The
exact initiation time of this baseline resistance measure-
ment was di�erent for each sensor, due to small varia-
tions in the time interval required to read the set of 20
resistance values through the multiplexing ohmmeter.
The resistance response for each sensor to an analyte
was taken as an average of all measurements for that
sensor in a 60 s period that started between 234 and 240
s after the beginning of the presentation of the vapor to
the sensors, with the exact initiation time for each sen-
sor channel staggered similarly to that of the baseline
resistance readings. A response was taken to be the
change in resistance of a sensor, �R, divided by its
baseline resistance, R.3 All di�erential resistance values
(�R/R) used in the data analysis represented, or very
closely approximated, the steady-state resistance read-
ings obtained from the sensors during exposure to the
analyte of interest.

Data analysis

Initial raw data manipulation and calculation of
responses was performed using Microsoft Excel. Multi-
ple linear regression (MLR) was performed using either
Excel or the QSAR module of the Cerius2 program
(Molecular Simulations, Inc.) on a Silicon Graphics O2

computer. Many possible MLR models were created,
compared, cross-bred, and evolved by the genetic func-
tion approximation on Cerius2.17
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