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Abstract

Microbial biosensors which have genes for bioluminescence coupled to genes that control hydrocarbon degrad-
ation pathways can be used as reporters on the specificity of regulation of those pathways. Structure-activity
relationships can be used to discover what governs that specificity, and can also be used to separate compounds
into different groups depending on mode of action. Published data for four different bioluminescent biosensors,
reporting on toluene (two separate biosensors), isopropylbenzene, and octane, were analyzed to develop structure-
activity relationships between biological response and physical/chemical properties. Good QSARs (quantitative
structure-activity relationships) were developed for three out of the four biosensors, with between 88 and 100
per cent of the variance explained. Parameters found to be important in controlling regulator specificity were
hydrophobicity, lowest unoccupied molecular orbital energies, and molar volume. For one of the biosensors, it was
possible to show that the biological response to chemicals tested fell into three separate classes (non-hydrocarbons,
aliphatic hydrocarbons, and aromatic hydrocarbons). A statistically significant QSAR based on hydrophobicity was
developed for the fourth biosensor, but was poor in comparison to the other three (44 per cent variance explained).

Introduction

Bioluminescence is widely accepted to be an excellent
reporter mechanism for microbial biosensors (Atlas
et al. 1992; Meighen 1988). By coupling the genes
for bioluminescence to genes for specific promoters,
biosensors can be produced that are activated by a
particular biological response or activity (Barkay et al.
1995). Biosensors of this type have been constructed
to report on heavy metal resistance, N and P starva-
tion, nitrate and nitrite, and on a range of stresses,
such as heat shock (Tescione and Belfort 1993; Seli-
fonova et al. 1993; Kragelund et al. 1995; Prest et al.
1997; Belkin et al. 1997). The largest number, how-
ever, report on hydrocarbon degradation pathways:
biosensors exist for naphthalene and salicylate, tolu-
ene and other monocyclic aromatic hydrocarbons, iso-
propylbenzene, octane, and polychlorinated biphen-

yls, using both prokaryotic and eukaryotic luciferases
(King et al. 1990; Applegate et al. 1998; Ikariyama
et al. 1997; Willardson et al. 1998; Selifonova and
Eaton 1996; Layton et al. 1998; Sticher et al. 1997).
These catabolic sensors use promoters from hydro-
carbon degradation pathways forlux or luc genes,
producing microbes that respond in a sensitive, rapid,
and quantitative way to hydrocarbon micropollutants.

Bacterial enzymes for hydrocarbon degradation
typically have a low specificity, allowing microbes to
deal with a large number of different, related com-
pounds that they might potentially encounter (Zylstra
and Gibson 1997). In practice, this means that a
microbial catabolic sensor will respond to a range
of structurally related compounds. There can even
be a response to chemicals surprisingly different to
the archetypal substrate compound – e.g., Selifonova
and Eaton (1996) found that an isopropylbenzene
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biosensor was induced by a range of compounds in-
cluding halogenated chemicals, both aliphatic and
aromatic, and even heterocycles. It follows thatlux-
marked biosensors can be used as tools to study the
regulation of hydrocarbon degradation pathways. Data
can be produced rapidly and easily – hence they
are ideal for developing quantitative structure-activity
relationships (QSARs). Previous studies on the spe-
cificity of regulation have not attempted to establish
QSARs to explain this specificity (Abril et al. 1989;
Marqués and Ramos 1993). QSARs are often con-
sidered solely as models that are required to predict
unknown biological data, for which a robust and well-
validated model is necessary, together with a full un-
derstanding of which chemicals are appropriate for the
model. However, QSARs can also be used not just as
predictive tools, but to gain more understanding about
a biological system and what affects its response to
different chemicals (Hermens 1995). A meta-analysis
of published data from four different studies using
catabolic hydrocarbon biosensors (toluene, isopropyl-
benzene, and octane sensors) was carried out, with the
aim of deriving QSARs that would further understand-
ing of the specificity of regulation of hydrocarbon
degradation pathways.

Materials and methods

Luminescence data were taken from four different
published studies. The archetypal response com-
pounds were, respectively, toluene, toluene, isopropyl-
benzene, and octane.

Biosensor A:Escherichia coliDH5α (pGLTUR) (Wil-
lardson et al. 1998)
Based on the TOL plasmid andluc (eukaryotic luci-
ferase) reporter gene. Theluc genes were placed under
the control ofPu, the promoter of the upper path-
way genes, which is regulated by the hydrocarbon-
binding XylR protein. Biosensor A thus reports on the
specificity of the XylR protein.

Biosensor B:E. coli HB101 (pTSN316) (Ikariyama et
al. 1997)
This is similarly based on the TOL plasmid andluc,
and has theluc genes ultimately regulated by the XylR
protein.

Biosensor C:E. coli HMS174 (pOS25) (Selifonova
and Eaton 1996)

Based on theipb operon, which degrades isopropyl-
benzene, andlux (prokaryotic) genes. TheluxCDABE
genes, which encode for luciferase and for enzymes
generating the aldehyde substrate of bacterial luci-
ferase, were placed under the control of the regulatory
elementsipbRandipbO/Pof the ipb operon.

Biosensor D:E. coli DH5α (pGEc74, pJAMA7)
Based on the OCT plasmid, which encodes genes for
the degradation of octane, andlux genes. TheluxAB
genes (coding only for the luciferase) were placed
under the control of thealkBpromoter, which is regu-
lated by the AlkS protein product of thealkSTregion
(van Beilen et al. 1994).

Full details of the luminescence assay proced-
ures are given in the original studies and will not be
repeated here. Briefly, luminescence assays were per-
formed by the original authors in all cases by growing
the cells to a predetermined optical density, exposing
the cells to known concentrations of the compounds
for a certain length of time, and then reading the
luminescence measurements on a luminometer or li-
quid scintillation counter. Biosensors B and D were
stored as frozen stocks before use. Biosensors A and
B are based on eukaryoticluc genes, and therefore
also required lysis of the cells and addition of luci-
ferin as a substrate for the luciferase enzymes before
luminescence was measured.

It is usually necessary to transform the biological
response to develop a QSAR. The data for biosensors
A, B and C were log-transformed; this was found not
to be necessary for biosensor D. The data for biosensor
C were also normalized by dividing by concentration
(µM) because they were reported at different con-
centrations. The biological response measurement is
hence referred to as log(ind) or ind: ind refers to
induction, i.e., the ratio of light output in arbitrary
luminescence units of cells exposed to compounds
causing luminescence (induced cells) to the light out-
put of cells not so exposed (uninduced cells). (This
measurement is not normalized with respect to cell
concentration.) Biosensor A is an exception: data were
reported not as raw induction values, but as saturation
constantsK1/2:K1/2 is defined as the concentration of
chemical (µM) which elicited a level of induction that
was 50% of the maximum level that could be obtained.

The energy levels of the highest occupied and
lowest unoccupied molecular orbitals (HOMO and
LUMO) were calculated for geometry-optimized mo-
lecules using the CNDO option of HyperChem (Hy-
percube, Florida, USA), and are given in electron-
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volts. Log P is logKow, the logarithm of the
octanol/water partition coefficient, a widely-used
parameter that is a measure of hydrophobicity. All
logP values were taken from Hansch et al. (1995) and
Eastcott et al. (1988). All values forvol, molar volume
(used in Equation (9)) are taken from Eastcott et al.
(1988).

Stepwise multiple linear regression was used to se-
lect the combination of statistically significant (p <

0.05) parameters that maximized the percentage of
variance explained (adjustedR2 value) by the regres-
sion. The regression models obtained were validated
by calculatingQ2 values.Q2 is obtained from “leave
one out” testing, also known as cross-validation. A
data point is removed from the set, and the regres-
sion recalculated; the predicted value for that point
is then compared to its actual value. This is repeated
until each datum has been omitted once; the sum of
squares of these deletion residuals can then be used to
calculateQ2, an equivalent statistic toR2. Q2 values
can be considered a measure of the predictive power
of a regression equation: whereasR2 can always be
increased artificially by adding more parameters,Q2

decreases if a model is overparameterized (Eriksson et
al. 1997), and is therefore a more meaningful sum-
mary statistic for QSAR. The regressions were also
tested by visual examination of plots of fitted values
against actual values, and plots of fitted values against
residuals. All statistical analysis was carried out using
Genstat for Windows 3.2 (NAG Ltd., Oxford, UK).

Results

All physical/chemical data used in the regression
equations are given in Table 1. All of the biological
data, in the form in which they were used for the
regression equations, are given in Table 2.

Biosensor A: Willardson et al. (1998)
Data were reported as saturation constantsK1/2. A
good relationship was obtained against logP alone:

logK1/2 = −0.95 logP + 4.93

n = 13,Q2 : 0.86,%V : 89 (1)

n is the number of data used in regression, %V , the
percentage of variance explained; adjustedR2 value.

However, multiple linear regression showed that
addition of a LUMO term improved the model slightly
(Figure 1):

Figure 1. Model for biosensor A (Equation (2)): plot of actual val-
ues against predicted values. Line showsx = y, i.e., ideally fitted
model. Full compound names listed in Tables 1 and 2.

logK1/2 = −0.912 logP − 0.137LUMO+ 525

n = 13,Q2 : 0.89,%V : 92. (2)

The extra term is statistically significant (p = 0.031).

Biosensor B: Ikariyama et al. (1997)
Data were reported as induction levels, with a back-
ground level of 1.0 and a maximum light level of 11.5
(for toluene at the aqueous saturation limit). Data were
given for 16 compounds dissolved at their aqueous sat-
uration limit. The concentrations of these chemicals
were not measured, and consequently it was decided
not to use these luminescence data for regression ana-
lysis. A subset of 12 compounds had also been tested
at a known concentration of 0.1 mM and these data
were analyzed.

A weak relationship was found based on logP and
(logP)2 (Figure 2):

log ind = 3.06 logP − 0.534(logP)2 − 2.57

n = 12,%V : 44. (3)

The two logP terms were statistically significant, but
not to a high degree (p < 0.05). The constant was
not significantly different from zero (p = 0.181),
but forcing the regression through zero reduced the
percentage of variance explained (38%). The fit of
the regression is poor, with a low percentage of the
variance explained. Examination of a plot of fitted
values against residuals shows clustering of adjacent
residuals.
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Table 1. Physical/chemical data used for deriving regression equations.

logP (logP )2 LUMO HOMO Molar volume Equationa

(eV) (eV) (cm3 mol−1)

1,2,4-Trimethylbenzene (124TMB) 3.70 13.69 3.45 −11.95 4, 5, 7, 8

1,2,4,5-Tetramethylbenzene (1245TMB) 4.00 16.00 3.41 −11.61 4

Naphthalene (NAP) 3.30 10.89 1.93 −11.11 4, 5, 7, 8

1-Methylnaphthalene (1MNAP) 3.87 14.98 1.87 −10.79 4, 5, 7, 8

2-Methylnaphthalene (2MNAP) 3.86 14.90 1.90 −10.91 4, 5, 7, 8

1-Ethylnaphthalene (1ENAP) 4.39 19.27 1.92 −10.72 4, 5, 7, 8

Hexane (C6) 3.90 15.21 6.63 −14.18 4, 5

Cyclohexane (CYC) 3.44 11.83 6.49 −13.68 4, 5

Methylcyclohexane (MCYC) 3.61 13.03 6.45 −13.52 4, 5

Ethylbenzene (EBEN) 3.15 9.92 3.72 −12.80 4, 5, 7, 8

n-butylbenzene (BBEN) 4.38 19.18 3.74 −12.80 4, 5, 7, 8

Isopropylbenzene (IPB) 3.66 13.40 3.73 −12.80 4, 5, 7

Decalin (DEC) 4.83 23.33 6.27 −12.55 4, 5

1,2-diethylbenzene (12DEB) 3.72 13.84 3.80 −12.31 4, 5

1,2,3,4-Tetramethylbenzene (1234TMB) 3.98 15.84 3.41 −11.87 4, 5

Ethylcyclohexane (ECYC) 4.21 17.72 6.44 −13.37 4, 5

Cyclohexene (CYCE) 2.86 8.18 4.43 −12.92 4, 5

Fluorobenzene (FBEN) 2.27 5.15 3.56 −13.30 4–6

Chlorobenzene (CBEN) 2.89 8.35 3.54 −12.78 4–6

Aniline (ANI) 0.90 0.81 4.11 −11.06 4–6

Pyridine (PYR) 0.63 0.40 3.99 −12.46 4–6

Benzaldehyde (BZA) 1.48 2.19 1.83 −12.87 4–6

Benzyl alcohol (BA) 1.05 1.10 3.62 −12.82 4–6

Phenol (PHE) 0.65 0.42 3.87 −12.41 4–6

Trichloroethylene (TCE) 2.61 6.81 2.12 −12.91 4–6

Tetrachloroethylene (TeCE) 3.40 11.56 1.62 −12.72 4–6

Pentachloroethane (PCEt) 3.22 10.37 0.66 −14.18 4–6

1,2-Dichloroethane (12DCEt) 1.48 2.19 2.25 −14.06 4, 6

Trifluorotoluene (TFT) 3.01 9.06 2.58 −14.42 4–6

2-Bromotoluene (2BT) 3.62 13.10 3.41 −11.85 4–6

Benzothiophene (BTP) 3.12 9.73 3.03 −10.54 4–6

1-Indanone (1IN) 1.88 3.53 2.01 −12.44 4–6

Indole (IND) 2.14 4.58 3.35 −10.54 4–6

4-Tolualdehyde (4TA) 2.09 4.37 1.81 −12.42 4–6

Tribromoethylene (TBE) 3.20 10.24 2.58 −11.70 4–6

1,1,2,2-Tetrachloroethane (1122TCEt) 2.90 8.41 1.19 −13.98 4–6

Toluene (TOL) 2.73 7.45 3.74 −12.89 1–5, 7, 8

Benzene (BEN) 2.13 4.54 4.07 −13.89 1–5, 7, 8

2-Xylene (2XYL) 3.12 9.73 3.61 −12.46 1–3

3-Xylene (3XYL) 3.20 10.24 3.66 −12.55 1–3

4-Xylene (4XYL) 3.15 9.92 3.54 −12.14 1–5, 7, 8

2-Chlorotoluene (2CT) 3.42 11.70 3.34 −12.49 1–6

3-Chlorotoluene (3CT) 3.28 10.76 3.35 −12.59 1–3

4-Chlorotoluene (4CT) 3.33 11.09 3.36 −12.24 1–3

2-Methylbenzyl alcohol (2MBA) 1.65 2.72 3.50 −12.45 1, 2

3-Methylbenzyl alcohol (3MBA) 1.60 2.56 3.56 −12.56 1, 2
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Table 1. Continued

logP (logP )2 LUMO HOMO Molar volume Equationa

(eV) (eV) (cm3 mol−1)

2-Nitrotoluene (2NT) 2.30 5.29 1.46 −12.86 1, 2

3-Nitrotoluene (3NT) 2.42 5.86 1.43 −12.90 1, 2

4-Nitrotoluene (4NT) 2.37 5.62 1.42 −12.87 1, 2

2-Ethyltoluene (2ET) 3.53 12.46 3.69 −12.40 3

3-Ethyltoluene (3ET) 3.88 15.05 3.73 −12.47 3

4-Ethyltoluene (4ET) 3.90 15.21 3.66 −12.06 3

Pentane (C5) 115.30 9

Hexane (C6) 126.70 9

Heptane (C7) 146.50 9

Octane (C8) 162.50 9

Nonane (C9) 207.20 9

Decane (C10) 229.40 9

a“Equation" column lists which regression equations a chemical has been used in.

Figure 2. Model for biosensor B (Equation (2)): plot of actual val-
ues against predicted values. Line showsx = y, i.e., ideally fitted
model. Full compound names listed in Tables 1 and 2.

Removing the three chlorinated non-hydrogen
compounds from the regression left nine remain-
ing compounds (all aromatic hydrocarbons); however
reanalysis of the reduced set showed no improvement.

Biosensor C: Selifonova and Eaton (1996)
This dataset is the largest and hence most suitable for
QSAR analysis. Results were given for minimal and
maximal induction after 100 and 250 minutes; only the
results for maximal induction after 250 minutes have
been analyzed, as induction after 100 minutes was
very low in comparison. Data were normalized be-
fore analysis by dividing the reported induction value

by the concentration of the chemical (µM), and then
scaled by taking the logarithm to base ten.

The data were initially analyzed as a complete set:

log(ind) = 4 logP − 0.645(logP)2 − 5.29

n = 42,%V : 59. (4)

The points corresponding to 1,2,4,5-tetramethylbenzene
and 1,2-dichloroethane were outliers. The regression
was reanalyzed without these points:

log(ind) = 3.62 logP − 0.57(logP)2

−0.1595LUMO

n = 40,%V : 72. (5)

The terms in logP and(logP)2 are highly significant
(p < 0.001), and LUMO energy is also significant
(p = 0.044). The regression would usually be con-
sidered acceptable with over 70 per cent of variance
explained; however, a plot of predicted against actual
values indicated that a few points have undue leverage.
The residuals plot showed marked clustering of adja-
cent residuals, and large residuals associated with high
fitted values. This indicates that Equation (5) is not a
good model of the dataset.

Consequently, the data were divided into two sets,
hydrocarbons and non-hydrocarbons, and reanalyzed.
(In this paper “hydrocarbon” is defined strictly as
a compound containing only carbon and hydrogen
atoms, and a “non-hydrocarbon” is considered to be
any compound containing any other elements, even
if based on a hydrocarbon molecule such as e.g., a
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Table 2. Biological data used in regression equations. (All data taken from previously published sources.)

Biosensor: A B C D

log(K1/2)
a log(ind/µM)b log (ind/µM)b 100ind/indoct

c

1,2,4-Trimethylbenzene (124TMB) 0.68

1,2,4,5-Tetramethylbenzene (1245TMB) −2.02

Naphthalene (NAP) 2.23

1-Methylnaphthalene (1MNAP) 1.08

2-Methylnaphthalene (2MNAP) 1.04

1-Ethylnaphthalene (1ENAP) −0.01

Cyclohexane (CYC) 0.00

Methylcyclohexane (MCYC) −0.16

Ethylbenzene (EBEN) 1.58 1.68

n-Butylbenzene (BBEN) −1.30

Isopropylbenzene (IPB) 1.69

Decalin (DEC) −0.30

1,2-Diethylbenzene (12DEB) 0.40

1,2,3,4-Tetramethylbenzene (1234TMB) 0.15

Ethylcyclohexane (ECYC) −0.33

Cyclohexene (CYCE) −0.17

Fluorobenzene (FBEN) 0.00

Chlorobenzene (CBEN) 1.08

Aniline (ANI) −2.10

Pyridine (PYR) −2.70

Benzaldehyde (BZA) −0.59

Benzyl alcohol (BA) −1.96

Phenol (PHE) −2.40

Trichloroethylene (TCE) 0.46

Tetrachloroethylene (TeCE) 1.57

Pentachloroethane (PCEt) 0.54

1,2-Dichloroethane (12DCEt) −2.40

Iodobenzene (IB) 0.01

Trifluorotoluene (TFT) 1.71

2-Bromotoluene (2BT) 1.30

2-Iodotoluene (2IT) 1.95

Benzothiophene (BTP) 0.83

1-Indanone (1IN) 0.75

Indole (IND) −0.35

4-Tolualdehyde (4TA) −0.52

Tribromoethylene (TBE) 1.92

1,1,2,2-Tetrachloroethane (1122TCEt) 0.40

Toluene (TOL) 2.23 1.78 1.36

Benzene (BEN) 2.67 1.51 0.61

2-Xylene (2XYL) 1.66 1.81

3-Xylene (3XYL) 1.59 1.91

4-Xylene (4XYL) 2.01 1.86 1.30

2-Chlorotoluene (2CT) 1.80 1.60 1.95

3-Chlorotoluene (3CT) 1.90 1.84

4-Chlorotoluene (4CT) 1.91 1.74

2-Methylbenzyl alcohol (2MBA) 3.47

3-Methylbenyzl alcohol (3MBA) 3.26

2-Nitrotoluene (2NT) 2.79

3-Nitrotoluene (3NT) 3.04
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Table 2. Continued

Biosensor: A B C D

log(K1/2)
a log(ind/µM)b log (ind/µM)b 100ind/indoct

c

4-Nitrotoluene (4NT) 2.78

2-Ethyltoluene (2ET) 1.18

3-Ethyltoluene (3ET) 1.54

4-Ethyltoluene (4ET) 1.08

Pentane (C5) 13

Hexane (C6) −0.23 44

Heptane (C7) 81

Octane (C8) 100

Nonane (C9) 100

Decane (C10) 69

3-Methylheptane (3MH) 36

aData are log-transformed saturation constants,K1/2.
bData are log-transformed induction values,ind, whereind represents increase in signal relative to
control, normalized by concentration (µM).
cData are induction values normalized to response against octane.

substituted benzene.) Non-hydrocarbon compounds
showed a strong relationship with logP :

log(ind) = 1.42 logP − 3.43

n = 21,Q2 : 0.86,%V : 88. (6)

This is a good model, with a high proportion of the
variance explained. Plotting log (ind) against logP
showed an excellent fit (Figure 3); the residuals plot
was acceptably random. The fit for these compounds
has clearly been improved by modelling them separ-
ately from hydrocarbon compounds.

In contrast, no significant relationship was found
for the set of all (aliphatic + aromatic) hydrocarbons.
To attempt to improve the relationship, the data were
remodelled with the points for the six aliphatic hydro-
carbons and 1,2,4,5-tetramethylbenzene removed:

log(ind) = 7.17 logP − 1.23(logP)2

−0.443LUMO− 7.3

n = 13,Q2 : 0.78,%V : 84. (7)

Examination of the residuals plot shows that isopro-
pylbenzene is an outlier, its predicted value being too
low. Recalculating the data without isopropylbenzene
(Figure 4):

log(ind) = 6.20 logP − 1.09(logP)2

−0.544LUMO− 5.34

n = 12,Q2 : 0.90,%V : 95. (8)

Figure 3. Model for biosensor C: non-hydrocarbon compounds
only (Equation (6)). Log(ind) plotted against hydrophobicity
(logP ). Full compound names listed in Tables 1 and 2.

All the parameters are highly significant (p < 0.001,
except for the constant:p = 0.007). A plot of fit-
ted values against residuals shows slight clustering
of adjacent points; however examination of the plot
of actual against predicted values does not show any
problem with the regression.

Biosensor D: Sticher et al. (1997)
Induction data for 24 compounds (23 hydrocar-

bons and dicyclopropylketone) are reported, normal-
ized to the response for octane (100%). However only



44

Figure 4. Model for biosensor C: aromatic hydrocarbons only, data
for isopropylbenzene and 1,2,4,5-tetramethylbenzene omitted in
calculating regression (Equation (8). Plot of actual values against
predicted values; line showsx = y, i.e., ideally fitted model.
Circles represent omitted data: isopropylbenzene and 1,2,4,5-tet-
ramethylbenzene. Full compound names listed in Tables 1 and
2.

seven of these compounds (n-alkanes from pentane to
decane, and 3-methylheptane) showed induction signi-
ficantly greater than background. This would usually
be too few data points to attempt to derive a QSAR,
but in this case the biological response shows a trivial
dependence on carbon chain length, with maximum
induction reached at a chain length of eight to nine and
a rapid decline in luminescence thereafter. A slightly
better fit was obtained by modelling the data (without
3-methylheptane) against molar volume, rather than
simple chain length (Figure 5):

ind = 7.46vol− 0.0202vol2− 578

n = 6,Q2 : 1.00,%V : 100 (9)

vol is the molar volume in cm3 mol−1.

Discussion

Biosensor C: The removal of 1,2,4,5-tetramethylben-
zene and 1,2-dichloroethane from equation 5 as out-
liers has a scientific basis. Inspection of the data
reveals that the light levels for both are very low
(−2.02 and−2.40 respectively), and much lower
than for similar compounds, e.g., the isomer 1,2,3,4-
tetramethylbenzene has a light level of 0.15. As these
values are of the logarithm of normalized induction it

Figure 5. Model for biosensor D:ind plotted against molar volume
(Equation (9). Circle represents 3-methylheptane (point omitted in
calculating regression). Full compound names listed in Tables 1 and
2.

shows that induction is more than two orders of mag-
nitude lower than that observed for apparently similar
hydrocarbon compounds. This implies that the com-
pounds are not inducers of theipb pathway: they are
not part of the homologous series of compounds on
which the model is based. It is fundamental to the
development of QSARs that they are based on a genu-
inely homologous series (i.e., the chemicals elicit a
biological response through the same mode of action),
so it is important to eliminate chemicals that do not
form part of the series. Homology is usually assumed
from structural similarity, but in this instance is impli-
cit in the fact that there is only one source of biolu-
minescence in the system. A probable explanation for
the lack of response of 1,2,4,5-tetramethylbenzeneand
1,2-dichloroethane is that they are the wrong shape
to be recognized by the regulatory protein. The phys-
ical/chemical data used in the regression equations do
not contain any steric or shape information, and hence
the QSAR is unable to cope with these compounds.

It is clear that Equation (7) is improved by removal
of isopropylbenzene, which is a slight outlier, giving
Equation (8). It is unexpected that this should be the
case: isopropylbenzene is the archetypal degradation
substrate for this pathway, and hence should defin-
itely be part of the series of compounds which this
biosensor responds to. (It should be noted that the
model containing isopropylbenzene, Equation (7), is
still highly significant, with good adjustedR2 andQ2

values.) The reason for this point being an outlier is
not known.
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Biosensor D: 3-methylheptane clearly does not fall
into the same set as then-alkanes. The value predicted
(111) using Equation (9) is very different from the ac-
tual value of 36. Further testing with a wider range
of branched alkanes would be necessary to determ-
ine if, like n-alkanes, they formed a QSAR that was
dependent on molar volume.

General

Abril et al. (1989) usedlacZ reporter gene biosensors
to study the specificity of the regulatory proteins of
the TOL pathway. (The specificity of the degradat-
ive enzymes was also studied.) They found that the
XylR protein had a broad effector specificity, respond-
ing to a range of mono-, di-, and trisubstituted alkyl
and chlorobenzenes. The results correspond well with
those for biosensors A and B, with the exception that
Abril et al. did not observe induction by benzene.
Abril et al. concluded that substitution of the ben-
zene ring is necessary for activation of XylR; further
chloro- or alkyl substituents also led to activation; and
that benzaldehydes did not cause activation except for
4-chlorobenzaldehyde.

A QSAR approach offers a more systematic and
powerful way of examining this category of data than
simple inspection. QSARs are not always generated
with the intention of building a model that is necessary
to make predictions for unknown chemicals – they can
be used to provide information on a biological system
(Hermens 1995). Layton et al. (1999) used a QSAR
approach to validate the response of alux-marked
toxicity biosensor: they demonstrated that toxicity
of non-polar narcotic compounds could be predicted
by hydrophobicity. This relationship is widely es-
tablished in ecotoxicity testing (Cronin and Dearden
1995) and showed that the toxicity biosensor respon-
ded in accordance with typical aquatic test organisms.
Similarly, the regression equations developed in this
study can give clues to the underlying factors con-
trolling specificity. Hydrophobicity is shown to be the
most important descriptor for the two TOL plasmid-
derived biosensors, A and B. Hydrophobicity could
conceivably affect the strength of effector binding to
the XylR protein; it might also affect specificity by
controlling the rate at which compounds could pass
across the cell membrane (i.e., bioavailability). Equa-
tion 2 also contains a weakly significant (p = 0.031)
term in LUMO energy. LUMO energy can be con-
sidered a measure of a compound’s electron affinity,
or alternatively susceptibility to nucleophilic attack

(Lynam et al. 1998): this implies that the interaction
of the XylR protein with the chemicals is important,
not just membrane transport. It is not surprising that
the response can be predicted using a single chemical
descriptor: the chemicals tested were chosen because
they were known inducers of thePu promoter, and
hence form a homologous set. The linear free energy
relationship hypothesis states that small changes in
the physical/chemical properties of chemicals within
a set cause linear changes in the free energy of a
reaction (such as binding to a protein), enabling a
linear relationship to be derived (Okey and Stensel
1996). Because the chemicals form a known series,
trends within that series are governed by very simple
properties; conversely, a set including chemicals from
outwith that series might require additional descriptors
and more complicated models to predict the response.

A direct comparison of the regression equations
derived for the two toluene biosensors A and B shows
that there are differences between the results. As stated
above hydrophobicity (logP ) is the main term for both
A and B; however the relationship is much stronger
for biosensor A and can be improved further by the
addition of a term for LUMO energy. The reason for
the difference is not definitely known, but it can be
suggested that one possibility is that the biological re-
sponse of the two biosensors was not the same. The
responses for biosensor A cover a range from 1.59 to
3.47 on a logarithmic scale – almost two orders of
magnitude. However, the responses for biosensor B
only cover a range of 1.08 to 1.91, i.e., less than one
order of magnitude. As a result a weaker relationship
would be expected for biosensor B. A second possible
explanation is that the data for biosensor B were only
measured at a single concentration (0.1 mM), whereas
the data for biosensor A were measured over a range
of concentrations and the summary statisticK1/2 was
used. The response of the biosensor is only likely to
be linear over a narrow concentration range; as a res-
ult the biological data for A may be more suitable for
response modelling than the data for B.

The response of the TOL plasmid-based biosensors
can be compared to the response of theipb-based bio-
sensor C. Equation (8) shows that hydrophobicity and
LUMO energy are both highly significant for the set
of aromatic hydrocarbons. This is a very similar result
to the TOL biosensor A (Equation (2)): similar factors
appear to regulate specificity. This is reasonable: hy-
drocarbon degradation genes are both evolutionarily
and functionally conserved, andipb genes show ho-
mology with toluene dioxygenase genes (Williams and
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Sayers 1994; Aoki et al. 1996). It is interesting that
the aromatic hydrocarbons have a quadratic relation-
ship with logP , whereas the non-hydrocarbons have a
linear relationship: however, this could be because the
logP values for the hydrocarbons are mostly higher
than those of the non-hydrocarbons. Compounds with
low hydrophobicity may be expected to diffuse slowly
across cell membranes: hence it is possible that the
response of low logP compounds is dominated by
bioavailability, resulting in a positive relationship with
logP .

QSARs can also be used to examine the biological
behaviour of individual chemicals, or even chemical
classes. Outliers can indicate the limits of applic-
ability of a QSAR (Lipnick 1991): 3-methylheptane
is shown to fall into a different set from then-
alkanes for induction ofalkB (Equation (9)). 1,2,3,5-
tetramethylbenzene and 1,2-dichloroethane stimulate
too little light production to be considered part of
the set of compounds recognized by the regulatory
elements of theipb pathway (Equation (5)); in con-
trast, the archetypal substrate isopropylbenzene stim-
ulates too much (Equation (8)). Comparison of Equa-
tions (4)-(8) clearly shows that three differently-acting
groupsof chemicals can be distinguished, apart from
the outliers: non-hydrocarbons are dependent on logP

alone, but aromatic hydrocarbons require a term in
LUMO as well as in(logP)2. Aliphatic hydrocarbons
are further shown to have a clearly different biological
response from aromatic hydrocarbons.

An important point is to what extent these res-
ults relate to actual biodegradation potential of the
compounds concerned: could the regression equations
obtained be considered QSBRs, quantitative structure-
biodegradation relationships? If so, this approach is of
great potential: the existing models could be improved
(by testing a wider range of substrates, and possibly
by including a wider range of physical/chemical para-
meters in the analysis), and construction of newlux
or luc fusions would allow many different degradation
pathways and groups of compounds to be tested. This
is of particular importance because a lack of reprodu-
cible quantitative data on biodegradation is one of the
factors that limits the development of QSBRs (Degner
et al. 1991).

The sensors have genes for bioluminescence fused
to genes that code for regulatory proteins which con-
trol the level of expression of the hydrocarbon degrad-
ation pathways. Hence the biosensors will respond to
gratuitous inducers – compounds which induce gene
expression but are not actually substrates of the initial

enzyme. Thus the QSARs derived are not QSBRs. For
example, biosensors A and B both gave a response
to benzene, which is not metabolized by the TOL
pathway. Conversely biosensor D, based on genes
from the OCT plasmid, showed an extremely nar-
row specificity: responding only ton-alkanes from
C5 to C10, and to 3-methylheptane. The OCT genes
are known to hydroxylaten-alkanes up to C12, and
very similar gene systems can hydroxylate a wide
range of compounds including cyclic aliphatics and
alkylbenzenes (van Beilen et al. 1994), so there is a
discrepancy between the known degradative ability of
the pathway and thelux response. In this case the reg-
ulation of the pathway appears more specific than the
biodegradation capability.

The biosensors described in this study have reg-
ulatory elements which recognise the initial, unde-
graded hydrocarbons or related compounds. However
it is possible to produce biosensors that are based
on systems in which the regulatory element recog-
nizes an intermediate of degradation – e.g., King et
al. (1990) describe alux-marked biosensor based on
the NAH pathway. The regulatory protein in this path-
way responds to the intermediate, salicylate, rather
than the parent, naphthalene. Hence this biosensor is
genuinely measuring biotransformation, as the parent
molecule must have been oxidized in order to induce
bioluminescence. Biosensors of this type could be
used to produce structure-activity relationships that do
actually predict biodegradation.

Conclusion

Structure-activity relationships can be generated that
explain the specificity of regulatory proteins for hy-
drocarbon degradation pathways, with high adjusted
R2 andQ2 values. Hydrophobicity is the most import-
ant parameter in these relationships (possibly because
it governs initial uptake by the cell); LUMO energy
is also significant in several of the models that have
been generated. These relationships do not predict bio-
degradation, because the set of inducer compounds
for a pathway is not identical to the set of possible
substrates; however, they nonetheless increase under-
standing of the specificity of regulation and hence the
mechanisms of hydrocarbon degradation.

Microbial biosensors (such aslux or luc marked
bacteria) are well suited to producing data for simple
modelling: the assays are quick and reproducible, al-
lowing large numbers of chemicals to be tested. This
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is ideal for the requirements of QSAR modelling.
This study demonstrates that the biosensors described,
or biosensors based on similar principles, could be
used to generate data intended specifically for QSARs
explaining or predicting aspects of hydrocarbon de-
gradation pathways. If biosensors were used that
respond to the intermediates of degradation, structure-
biodegradation models could be developed that could
be used to predict the biodegradation potential of novel
or untested compounds.
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