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Abstract Quantitative structure–activity relationships

(QSAR) is an alternative to experimental toxicity testing

and recommended by environmental protection agencies.

In this background, an accurate and reliable QSAR model

of 18 phenols for their toxicity to Photobacterium phos-

phoreum was developed using mechanistically interpret-

able molecular structural descriptors. The QSAR model

was developed by stepwise multiple linear regression and

the reliability of the model was evaluated by internal and

external validation. The cross-validated correlation coeffi-

cient (q2) was 0.7021, indicating good predictive ability for

the toxicity of these phenols. The QSAR model suggests

that the toxicity of the studied compounds mainly depends

on the logarithm of octanol/water partition coefficient,

dipole moment and the most negative atomic charge.
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Information regarding the toxicity of organic pollutants is

very important in risk assessment of the chemicals. As one

of many ways to fill toxicity data gaps, quantitative struc-

ture–activity relationships (QSAR) are powerful tools to

rapidly estimate and predict biological activity (toxicity),

and many QSAR models have been successfully developed

(Jiang et al. 2010; Jing et al. 2010; Zeng et al. 2011).

Phenols have been widely used in the manufacture of

plastics and industrial disinfectants, and used as chemical

reagents in industrial processes (Habibi-Yangjeh et al.

2006). They can also be produced by degradation of more

complex compounds (Verschueren 2001). Phenols are

supposed to be one of the most toxic water pollutants as

they are often carcinogenic (Della et al. 2001). Recently,

some QSAR studies on toxicity of phenols have been

carried out by employing different descriptors and model-

ing techniques (Su et al. 2008; Jin et al. 2010). The pre-

vious works have some shortcomings such as small dataset,

without internal validation, not very precise descriptors and

do not clarify the toxicity mechanism.

Photobacterium phosphoreum (P. phosphoreum) is a

kind of luminescent bacterium in seawater, its character of

luminous intensity change with toxic substance inhibition

of growth (i.e., cell density) made it as an index for com-

pound toxicity measuring and water quality monitoring.

With the development of computer technology and quan-

tum chemistry, more precise method for descriptors calcu-

lation, such as the ab initio calculation, is replacing the

traditional semi-empirical method. The main aim of the

present work is to develop a reliable QSAR model for

modeling and predicting toxicity of various phenols towards

P. phosphoreum using precise molecular descriptors and a

multiple linear regression (MLR) algorithm. In addition, to

better understand the toxicity mechanism of phenols at the

molecular structure level, the structural characteristics

affecting toxicity were gained by the descriptors that have

clear physical and chemical meaning. This study may

enrich the toxicity mechanism study of phenols.

Materials and Methods

A dataset of 18 phenols with 15 min P. phosphoreum

toxicity reported by Yu et al. (2009) was used as the model
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dataset. Toxicity values were determined by MICROTOX

test instrument (toxicity tester model DXY-2, made by the

Institute of Soil Science, Chinese Academy of Sciences,

Nanjing, P. R. China) when the bacteria were exposed to

the tested phenols in 3% NaCl solution for 15 min. The

EC50 was then calculated by linear interpolation method.

The list of compounds along with their toxicity values (log

EC50, mol L-1) are shown in Table 1.

The total dataset are randomly divided into training set

and test set in a ratio of approximate 80:20 (15 and 3

compounds, respectively). The training set is used to con-

struct QSAR model and the test set to validate the external

prediction ability of the resulting QSAR model.

In order to calculate the molecular descriptors, struc-

tures of phenols were built using ChemDraw Ultra (version

11.0) and then the molecular structures were optimized

using semiempirical quantum-chemical method AM1

Hamiltonian (Dewar et al. 1985) implemented in MOPAC

software (version 6.0) to generate the energy-minimized

conformations.

Fourteen frequently used physicochemical descriptors

(including one hydrophobic, nine electronic, two thermo-

dynamic, and two steric property descriptors) were con-

sidered for the QSAR development (Table 2). The

descriptors are selected for their wide use in QSAR anal-

yses, and potential to relate to reactive modes of toxic

action. The log Kow value was estimated using the EPI

Suite (version 4.0, US-EPA). Mw and HOF values were

calculated by Chem3D Ultra (version 11.0). The apparent

acid dissociation constant (pKa) value was estimated by

SPARC (web version, accessed at http://sparc.chem.uga.

edu). The other descriptors were computed by the Gaussian

03 program (Frisch et al. 2003) at the B3LYP/6-311G**

level. Due to space limitations, only descriptors entered

into QSAR model were shown in Table 1. The log Kow for

dataset was in the range of 0.24 and 2.94, the range of l
was between 0.926 and 5.792, and the range of q- was

between -0.470 and -0.311.

To select the relevant descriptors, multiple linear

regression (MLR) analysis was performed for the toxicity

dataset against all 13 descriptors using DPS software (Tang

and Feng 2007) (version 9.50). In this analysis, stepwise

regression was employed to identify the most important

descriptors contributing to the toxicity of chemicals, for it

can use F-tests to eliminate insignificant descriptor on

every step of entering a new descriptor (Xu et al. 2006).

According to the regression result, QSAR model was

developed. The statistical quality of QSAR model was

evaluated by correlation coefficient (R), Fischer ratio (F),

probability factor related to F-ratio (p) and root mean

square error (RMSE). RMSE is defined as follows:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Pn
i¼1 ðYi exp: � Yi pred:Þ2

n

s

ð1Þ

Table 1 The toxicity of phenols and values of the descriptors entered into QSAR model

No. Chemical log EC50 (obs.) log EC50 (pred.) Residual log Kow
b l q-

1 Phenola 2.72 2.97 -0.25 1.51 1.344 -0.363

2 Catechol 3.14 3.27 -0.13 1.03 2.486 -0.412

3 p-Nitrophenol 3.72 3.48 0.24 1.91 5.309 -0.341

4 o-Aminophenol 3.34 3.50 -0.16 0.60 1.376 -0.467

5 p-Chlorophenol 3.88 3.75 0.13 2.16 2.543 -0.358

6 m-Cresola 3.31 3.62 -0.31 2.06 1.638 -0.363

7 Hydroquinone 3.14 2.66 0.48 1.03 2.655 -0.370

8 o-Cresol 3.35 3.58 -0.23 2.06 1.683 -0.360

9 o-Chlorophenol 3.43 3.31 0.12 2.16 0.926 -0.339

10 2,3-Dimethylphenol 3.60 4.24 -0.64 2.61 1.949 -0.361

11 4-tert-Butylcatechol 5.87 5.42 0.45 2.94 2.518 -0.411

12 2,4,6-Trinitrophenol 2.51 2.33 0.18 1.54 1.714 -0.315

13 o-Nitrophenola 3.48 3.07 -0.41 1.91 5.730 -0.311

14 m-Nitrophenol 3.31 3.64 -0.33 1.91 5.792 -0.349

15 Resorcinol 2.22 2.48 -0.26 1.03 2.382 -0.360

16 p-Aminophenol 3.27 3.20 0.07 0.24 2.077 -0.470

17 p-Cresol 3.71 3.63 0.08 2.06 1.407 -0.365

18 2,4-Dichlorophenol 4.01 4.01 0.00 2.80 1.141 -0.336

a Test set
b Estimated in non-ionized form
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where n is the number of compounds in the model, Yi exp. is

the observed log EC50 value of the ith compound, Yi pred. is

the predicted value of the ith compound.

The reliability of the resulting QSAR model was

explored using two different types of validation criteria: (1)

internal validation by leave-one-out (LOO) cross-valida-

tion, (2) external validation by dividing the dataset into

training and test set. As a statistical parameter, prediction

error sum of squares (PRESS) can measure the accuracy of

a modeling based on the cross-validation. Using the PRESS

and SSY (sum of squares of deviations of the experimental

values from their mean), the square of the cross-validated

correlation coefficient (q2) and the standardized predicted

error sum of squares (SPRESS) values, which can be used to

evaluate the performance of validation, can be easily cal-

culated. The equations that calculate the aforementioned

parameters are presented below:

q2 ¼ 1� PRESS

SSY
¼ 1�

Pn
i¼1 ðYi exp: � Y

0
i pred:Þ

2

Pn
i¼1 ðYi exp: � YmeanÞ2

ð2Þ

SPRESS ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

PRESS

n

r

ð3Þ

where Y
0
i pred: is the predicted log EC50 value of the ith

compound predicted by a model obtained without using the

ith chemical, Ymean is the mean observed value of all the

compounds in the model.

Results and Discussion

Based on observed toxicity data and calculated values for

the relevant molecular descriptors, QSAR models were

developed by stepwise MLR analysis. After residual

analysis and model tests, three descriptors were entered

into the final regression equation. The QSAR model suit-

able for predicting toxicity values of phenols was obtained

and had following specifications:

log EC50 ¼ �4:2642þ 1:1304 log Kow þ 0:0950 l
� 14:8852 q� ð4Þ

n = 15, R ¼ 0:9293;F ¼ 22:8926;

p\0:0000;RMSEðtraining setÞ ¼ 0:2883;

RMSEðtest setÞ ¼ 0:3300; q2 ¼ 0:7021; SPRESS ¼ 0:4179:

As can be seen from the Eq (4), a three-descriptor

QSAR model was developed to describe toxicity of phenols

to P. phosphoreum, with both good correlation (R =

0.9293 and RMSE(training set) = 0.2883) and high stability

and prediction ability (q2 = 0.7021 and RMSE(test set) =

0.3300). Based on QSAR model, the predicted values of the

training and test sets are listed in Table 1 and the relationship

between observed and predicted log EC50 values was depicted

in Fig. 1. As can be seen, these data are uniformly distributed

around the regression line, which suggests the obtained model

has satisfied predictive ability. As shown in Eq (4), the toxicity

of phenols have positive correlation with the logarithm of

octanol/water partition coefficient (log Kow) and dipole

moment (l), and negative correlation with the most negative

atomic charge (q-). The physical and chemical meaning of the

three descriptors will be briefly described later.

In this work, variance inflation factors (VIF) are adopted

to evaluate the collinearity of descriptors in the model. VIF

is defined as:

VIF ¼ 1=r2 ð5Þ

where r is the correlation coefficient of multiple regression

between one independent variable and the others. If

Table 2 List of descriptors used in the development of QSAR model

Category of descriptors Descriptor Symbol Unit

Hydrophobic The logarithm of octanol/water partition coefficient log Kow

Electronic Total energy TE eV

Energy of the highest occupied molecular orbital EHOMO eV

Energy of the lowest unoccupied molecular orbital ELUMO eV

Dipole moment l 10-30 esu

Electrophilicity index x

Average molecular polarizability a Debye

The most positive hydrogen atomic charge qH? e

The most negative atomic charge q- e

The logarithm of acid dissociation constant pKa

Thermodynamic Standard heat of formation HOF kcal mol-1

Free energy Gh Hartree

Steric Molecular weight Mw

Molecular volume V cm3 mol-1
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VIF = 1.0, no self-correlation exists among each variable;

when VIF ranges from 1.0 to 5.0, the correlation equation

is acceptable; if VIF [ 10.0, the regression equation is

unstable and recheck is necessary. As can be seen from

Table 3, the VIF values of the three descriptors are all

smaller than 5.0, indicating that there is no collinearity

among the selected descriptors and the resulting model has

good stability.

In order to distinguish the importance of each descriptor

on toxicity of phenols, standard regression coefficients

(SR) and t test values of the three descriptors are also listed

in Table 3. As shown in Table 3, the absolute value of SR

and t test value of log Kow are 1.1239 and 8.1317,

respectively, both larger than that of l and q-, which

indicates that in this QSAR model, the influence of log Kow

on toxicity is stronger than that of l and q-.

By interpreting the molecular descriptors in the regres-

sion model, it is possible to gain some insight into struc-

tural features that are likely to govern toxicity of the

studied compounds, which could be used to study toxicity

of structurally-related compounds. There are three

descriptors included in the regression model, which proved

to be important features and make statistically-significant

contribution to the model.

As indicated by the higher SR and t-test values, log Kow

appeared as the most significant descriptor for the derived

QSAR model. Thus we can infer that the partition coeffi-

cient (log Kow) is the most important descriptor for the

toxicity. The developed model suggests that higher lipo-

philicity results in higher toxicity, which was in agreement

with the previous reports of Aptula et al. (2005). Lipo-

philicity is very important for organic compounds to per-

meate, transport to and bioaccumulate in organisms. The

diffusion of organic compounds across biological mem-

branes is regulated by both the lipid membrane and the

nonmoving aqueous solvent layer at both the inside and

outside surfaces of the membrane (McKim et al. 1985).

The log Kow generally simulates an organic compound’s

lipophilicity, which is important in describing the passage

of an organic compound through membranes. Organic

compounds with higher log Kow are more likely to exhibit

transmembrane uptake into cells, enriching the intracellular

concentration of the substance, where binding with recep-

tors ultimately results in loss of membrane integrity and

cell necrosis.

Dipole moment (l) follows log Kow in importance for its

contribution to the output of this QSAR model. As an

electronic descriptor, l characterizes the average charge

separation in a molecular system (Cronin and Livingstone

2004), and can represent the electronic information of

compounds. Furthermore, l can partially reflect molecular

polarity. According to the model, l has favorable contri-

bution towards the toxicity value as evidenced by the

positive regression coefficient. The higher l value, the

easier these phenols to participate in certain dipole–dipole

or polar types of interaction with targets in cells, and

leading to greater toxicity. The positive correlation

between toxicity and l was consistent with the previous

reports of Zhang et al. (2008).

The most negative atomic charge (q-) was also involved

in toxicity model but had a smaller contribution compared

to the other descriptors. The magnitude of q- may char-

acterize atomic charges, which are related to the reactive

centers of chemicals (Niu and Yu 2004). Here q- is neg-

ative, showing that decreasing the atomic charge produces

stronger binding to the active site and therefore potentially

enhancing toxicity. Moreover, chemicals with lower q-

have stronger electron-donating ability, and more easily

form hydrogen bonds with target molecules.

The molecular descriptors used in QSAR model dem-

onstrates that the mechanism underlying the toxicity of

phenols is mainly related to their hydrophobic and elec-

tronic properties. The examination of the molecular

descriptors can lead to a better understanding of the rela-

tion between structure and toxicity of the phenols. From

the above discussion, it appears that hydrophobic interac-

tions govern the toxicity of the phenols, and electronic

interactions aid this course. In the first step, hydrophobic

factor influences the process of membrane permeation and

release of the phenols. In the second step, electrostatic

interaction and other complicated electronic features
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Fig. 1 Plot of observed log EC50 versus predicted log EC50

Table 3 VIF, SR and t test value of descriptors in QSAR model

Descriptor VIF SR t test value

log Kow 1.5220 1.1239 8.1317

l 1.0381 0.1637 1.4346

q- 1.5589 -8.8448 6.0399
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influence interaction between phenol substances and target/

receptors in cells.

In this study, a robust and stable MLR model was

established for 18 phenols, the built model was assessed by

internal and external validation, and the validations indi-

cate that the QSAR model is adequate and satisfactory, and

that the selected descriptors can provide an illustration of

the contributing hydrophobic and electronic properties

which are responsible for the toxicity of phenols. By

interpreting the molecular descriptors in the regression

model, we can conclude that increased log Kow and l,

decreased magnitude of q- are responsible for the greater

toxicity of the studied compounds. The QSAR model

developed in the present paper may be useful for providing

insight into mechanisms of phenol toxicity to bacteria, as

well as to other higher organisms.
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