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Abstract: Polycyclic Aromatic Hydrocarbons (PAHs) have been the focus of great attention for a long time owing to their impact on 

public health and the environment. In this article we overview various QSAR studies on PAHs and some derivatives, that have been de-

veloped during the last decade by different authors. Several properties of broad interest are analyzed, such as carcinogenesis, mutagenic-

ity, biocatalytic oxidation, phototoxicity, dermal penetration, biodegradation, and others. The molecular descriptors types and modeling 

techniques used are briefly commented.  
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1. INTRODUCTION 

Polycyclic Aromatic Hydrocarbons (PAHs) are aromatic multi 

ring systems produced by an incomplete combustion and pyrolysis 

of the organic materials [1, 2]. Their occurrence in urban atmos-

phere largely results of anthropogenic emissions, such as mobile 

emissions (vehicular, shipping and flying), domestic heating, oil 

refining, waste incineration, industrial activities, asphalt production, 

agricultural burning of biomass, etc. [3, 4]. PAH compounds are 

present in the atmosphere, water, sediments, tobacco smoke, and 

food [5-7]. 

PAHs are well-known compounds because of their toxicity, po-

tential to bioaccumulate, and carcinogenic activity [8]. Although 

these compounds are considered as the main pollutants of air [9], 

soil acts as the last depository of these chemicals. Their fate in envi-

ronment includes volatilization, photo and chemical oxidation, ad-

sorption on soil particles, leaching, and microbial degradation [10]. 

The extent and rate of biodegradation depends on various factors 

such as the chemical structure of the compound, pH, temperature, 

oxygen, accessibility of nutrients and the degree of adaptation of 

the microbial degradation enzyme. 

Most of the heaviest PAHs are carcinogenic and have been 

categorized by the International Agency for Research on Cancer 

(IARC) as human carcinogens (class 1), probable human carcino-

gens (class 2A) or possible human carcinogens (class 2B) [11]. 

Although the PAH structure seems rather homogenous (planar 

or quasi-planar molecule), the wide variety in the number and posi-

tion of fused benzene rings and the presence or absence of cy-

clopentane rings, alkyl substituents, and keto groups gives rise to 

thousands of different PAHs with various biological activities; 

many can be identified in environmental samples. In past years, 

different toxicity studies of PAHs have been carried out by means 

of the Quantitative Structure-Activity Relationships (QSAR) The-

ory [12, 13]. The main assumption of QSAR is that the biological 

activity of a chemical compound is completely determined by its 

molecular structure. This theory does not offer specific details on  
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the usually complex mechanism/path of action involved. However, 

it is possible to get some insight on the underlying mechanism by 

means of the QSAR-based predicted activities [14, 15]. 

Within the realms of QSAR, the molecular structure is quanti-

fied by using a set of suitable molecular descriptors, which are 

numbers carrying information on the constitutional, topological, 

geometrical, hydrophobic, and/or electronic aspects of the chemical 

structure [16-19]. A set of descriptors can then be statistically corre-

lated to the experimental biological activity, resulting in a model 

which can be used to find out useful parallelisms. In general, QSAR 

analyzes are affected by various factors from which the most im-

portant are: (a) the composition of the training and test sets; (b) the 

choice of molecular descriptors that should be representative of the 

molecular structures and have low colinearity between them; (c) the 

number of descriptors included in the model; (d) the use of suitable 

multicriteria modeling methods; and (e) the employment of valida-

tion techniques to verify the predictive performance of the devel-

oped models [20-24]. The QSAR approach is an important tool for 

Medicinal Chemistry, and makes drug design more rational by de-

creasing the number of expensive, time consuming experiments. 

In the next section we present various QSAR works on PAHs 

and some derivatives that have been developed during the last dec-

ade by different authors. We describe QSAR studies that report 

validated models and do not consider published models that are 

only correlative without validation testing. 

2. QSAR STUDIES ON PAHS IN 2003-2012 

Zhou et al. [25] develop in 2003 a QSAR for exploring the car-

cinogenesis of PAHs. The Semiempirical Method AM1 imple-

mented in the Mopac 7 package [26] is used to calculate relative 

thermodynamic stabilities of epoxide and carbonium intermediates 

of 48 PAHs. All data analysis and regressions are performed using 

Statistica 8.0 [27] and Molecular Operating Environment (MOE) 

[28] softwares. Using epoxyl-energy and cationized-energy of two 

active sites, the Multivariable Linear Regression (MLR) model 

reasonably predicts the carcinogenic activity of these PAHs with 

explained variance R2
 = 0.59, and shows a good ability to distin-

guish between carcinogenic and noncarcinogenic PAHs. In this 

model, two outliers are recognized; if such molecules are excluded 

from the training set, the new regression model has R2
 = 0.66. The 
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variances of Leave One Out Cross Validation (LOO) are: Q2
 = 0.49 

(whole set of data) and Q2
 = 0.56 (excluding two outliers).  

Furthermore, the model suggests that double active sites and 

their distance characteristics are important factors in the chemical 

carcinogenesis of PAHs. The physical meaning for energies of ad-

dition reactions with DNA is also discussed. 

In 2004, Niu and Yu [29] establish two QSAR models for the 

biocatalytic oxidation specific activity of unmodified and chemi-

cally modified hemoglobin in the oxidation of different PAHs in 

15% acetonitrile. Some fundamental quantum chemical descriptors 

computed with the PM3 hamiltonian are obtained with Mopac con-

tained in the CS Chem3D Ultra [30]. The Simca software [31] is 

used to perform a Partial Least Squares (PLS) analysis. The cross-

validated Q2
 values for the two optimal QSAR models are 0.78 and 

0.75, respectively, indicating a good predictive ability for biocata-

lytic oxidation specific activity of PAHs. The main factors affecting 

specific activity of PAHs are most positive net atomic charges on a 

hydrogen atom (
H

q +
), largest negative atomic charge on a carbon 

atom (
C

q ), dipole moment ( μ ), the energy of the highest occupied 

molecular orbital (
homo

), and the square difference between 
homo

 

and 
lumo

 ( 2

homo lumo
), where 

lumo
 is the energy of the lowest 

unoccupied molecular orbital. The biocatalytic oxidation specific 

activity of PAHs with high 
C

q  and ( )
2

homo lumo
 values tends to 

be slow. Increasing 
H

q +
, μ , and 

homo
 values of PAHs leads to 

increase of specific activity. 

A study performed by Ribeiro and Ferreira [32] in 2005 ana-

lyzes the photo-induced toxicity in a set of 67 non-substituted 

PAHs containing 2-7 rings with 5 and 6 carbon atoms. The group of 

structures used to construct the model (training set) involves only 

17 non-substituted PAHs, for which the experimental data for pho-

totoxicity has been determined. Three of these compounds are con-

sidered as outliers and excluded from further analysis. The geome-

try of all PAHs is optimized with the AM1 method of Spartan [33], 

and used to calculate electronic descriptors: 
homo

, 
lumo

, and the 

gap 
homo lumo homo lumo

= . The relationship between such mo-

lecular descriptors and the phototoxicity is non-linear, therefore 

Gaussian type functions are used to linearize it. The model is de-

signed with the aid of the PLS Toolbox of Matlab [34] on mean 

centered data, and validated with the LOO technique. The best re-

gression equation is: 

phototoxicity = – 4.3355+0.4737 homo +0.3692 lumo +1.1081 

homo lumo  

The regression analysis results in R2
 = 0.84 and Q2

 = 0.79. It is 

applied to predict the phototoxicity of molecules with unknown 

experimental measurements. Pentaphene, Benzo[b]chrysene and 

Dibenz[a,j]anthracene are among the potentially phototoxic 

predicted compounds. A new gap range of 7.2±0.7 eV is proposed 

for the classification of phototoxic compounds and a larger cutoff 

of –log(ALT)  –2.95 is suggested for the normalized lethal time 

(ALT).  Another study of the same year of Gallegos Saliner and Gironés 

[35] presents new molecular descriptors for QSAR. It demonstrates 

that the application of Quantum Similarity Theory together with the 

classical topological approach in order to obtain Topological Quan-

tum Similarity Indices [36, 37] yields to satisfactory results, which 

can improve the models obtained by using only similarity measures. 

This method is applied to predict the dermal penetration of 60 

commercially available PAHs, with a structure of 3 up to 7 fused 

rings. The PLS QSAR model compares fairly well with others from 

the literature, involving 5 descriptors with statistical parameters R2
 

= 0.69 and Q2
 = 0.65. 

In 2007 Gramatica et al. [38] use an homogeneous set of 

mutagenicity data (TA98 and TA100,+S9) of 32 benzocyclopenta-

phenanthrenes and chrysenes, for establishing classification models 

into mutagenic and non-mutagenic classes. The molecular geometry 

optimization involves the Molecular Mechanics method of Allinger 

(MM+) in HyperChem 7.03 [39]. A pool of 1206 molecular de-

scriptors is calculated using the Dragon 5.3 software [40]. Five 

quantum-chemical descriptors, such as 
homo

, 
lumo

, 
homo lumo

, the 

ionization potential (IP), and the heat of formation (
fH ) are cal-

culated with the Semiempirical PM3 method and added to the pool. 

The Genetic Algorithm technique provides the best 1-3 Dragon 

descriptors for modeling the mutagenicity, and the k-Nearest 

Neighbor (k-NN) and Classification and Regression Tree (CART) 

methods provide the best classification results. The models found 

are validated by Cross Validation (Leave-One-Out and Leave-50%-

Out) and have good performance, with sensitivity and specificity 

ranges of 90-100%. 

In 2007 we applied the Euler equations for chemical graphs, 

which are considered an extension of the Euler equations for poly-

hedra [41]. These equations admit several potential forms of mo-

lecular descriptors that can be used in the characterizations of the 

properties of PAHs in QSAR studies. The nature of these Euler 

relations is described for hydrocarbon graphs and the descriptors 

they admit, applying them to predict through MLR 37 boiling 

points ( 2
0.98

train
R = , 12.98

train
S = , 2

0.98Q = , 13.67
LOO

S = ), 

26 partition coefficients for the n-octanol-water system, 
ow

K  

( 2
0.98

train
R = , 0.20

train
S = , 2

0.97Q = , 0.22
LOO

S = ), and 47 

retention time indices for reversed-phase liquid chromatography 

analysis ( 2
0.88

train
R = , 0.33

train
S = , 2

0.86Q = , 0.34
LOO

S = ). 

Final results suggest that these new descriptors can be used to com-
plement others in a QSPR-QSAR study. 

In another work of this year, Gramatica et al. [42] model a set 

of mutagenicity data (TA100) for 48 nitro-PAHs, applying OECD 

principles for QSAR model validation. The proposed MLR models 

are based on two topological molecular descriptors. Such models 

are validated for predictivity by both internal and external valida-

tion. For the external validation, three different splitting ap-

proaches, D-optimal Experimental Design, Self Organizing Maps 

(SOM) and Random Selection by activity sampling, are applied to 

the original data set in order to compare these methodologies and to 

select the best descriptors able to model each prediction set of 

chemicals independently of the splitting method applied. The appli-

cability domain is verified by the leverage approach. 

In 2008 Singh et al. [43] apply QSAR studies to describe and 

predict the mutagenic activity of 48 nitrated PAHs. The molecular 

structures are drawn using HyperChem [39] and the ACD-Labs 

software [44]. All the molecular descriptors are computed using 

Dragon [40] and the Karelson-Chemaxon software [45]. From a 

larger pool of molecular descriptors (topological indices), a smaller 

set is found consisting of 3 descriptors. Such a variable selection by 

made using NCSS software in successive regressions is attempted 

using maximum-R2
 method. The results are critically discussed 

using a variety of statistical parameters, revealing that the connec-

tivity and shape type indices together with the distance-based Wie-

ner index (W) play a dominating role in modeling of mutagenicity. 

The predictive ability of the models is tested with Cross Validation 

parameters. 
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Dimitriou-Christidis et al. [46] carry out QSAR studies for 

three Monod-type parameters: the maximal specific biotransforma-

tion rate (
max

q ), the biotransformation affinity coefficient (
S

K ), 

and the specific affinity (
max S

q K ). All of these parameters express 

the kinetics of PAH biotransformation by Sphingomonas paucimo-
bilis strain EPA505. The Cerius2 4.9 molecular simulation package 

[47] is used. The energy of each molecule is minimized using the 

consistent force field CFF91 [48]. Quantum mechanical descriptors 

are calculated by Mopac 7 using PM3. The training set contains 

high-quality experimental values of the kinetic parameters for 20 

unsubstituted and methylated PAHs as well as values of 41 mean-

ingful molecular descriptors. Linear regressions are combined with 

the GA technique of Cerius2, leading to a training set variance 

around 0.80 for the three kinetic parameters. The Q2
(25%) values 

for Leave-25%-Out Cross Validation are: 0.57 (
max

q ), 0.66 (
S

pK ) 

and 0.80 (
max S

q K ). The QSARs are consistent with the hypothesis 

of membrane transport as being the rate-limiting process in PAH 

biotransformation by strain EPA505, and a framework for under-

standing the mechanisms governing biodegradation at the molecular 

level. 

In another project of 2008, Wang et al. [49] use Gene Expres-

sion Programming (GEP) as a novel machine learning technique. 

The GEP is used to build a nonlinear QSAR model for the predic-

tion of the Percent of Applied Dose Dermally Absorbed (PADA) 

over 24 hours for PAHs. This model includes three descriptors in 

the MLR, selected from the descriptors pool by an Heuristic 

Method (HM). The GEP method produces a nonlinear quantitative 

model with quality 2
0.85

train
R =  and 4.70

train
RMSE = , and 

2
0.83

test
R =  and 7.65

test
RMSE = . RMSE is the root mean square 

error. It is shown that the GEP predicted results are in good agree-
ment with experimental ones. 

Papa et al. [50] use the experimental data of a mutagenicity test 

on human B-lymphoblastoid cells (alternative to the Ames bacterial 

test) for a set of 70 oxo-, nitro- and unsubstituted PAHs, detected in 

particulate matter, for developing QSAR classification models. The 

methods used are k-NN, k-Nearest Neighbour and CART, based on 

different theoretical molecular descriptors calculated with Dragon 

5.3 and chosen by GA. The best models are validated for predictiv-

ity both externally and internally. For external validation, Self Or-

ganizing Maps (SOM) are applied to split the original data set. The 

best models, developed on the training set alone, show good predic-

tive performance also on the prediction set chemicals (sensitivity 

69.2-87.1%, specificity 62.5-87.5%). The classification of PAHs 

according to their mutagenicity, based only on a few theoretical 

molecular descriptors, allows a preliminary assessment of the hu-

man health risk, and the prioritization of these compounds. 

In a work published in 2009, Toropov et al. [51] use optimal 

descriptors calculated with SMILES [44] for the QSAR analysis of 

the mutagenic potency (TA100) of nitrated polycyclic aromatic 

hydrocarbons. The blocking of rare SMILES attributes, by means of 

an appropriate selection of the LimN parameter, is able to improve 

the predictive potential of the model, i.e. improve the statistical 

characteristics for the external test set. The statistical characteristics 

found is: 28
train

N = , 2
0.90

train
R = , 2

0.89Q = , 0.55
train

S =  and 

20
test

N = , 2
0.85

test
R = , 0.70

test
S = . However, the LimN should 

be properly chosen: zero value of the LimN can lead to overtraining, 

i.e. an excellent model for the training set, but a poor one for the 

test set; and viceversa: if the LimN is too large, then the model can 

be poor for the training and test sets. 

Another QSAR of 2009 of Wang et al. [52] involves the pho-

toinduced toxicity (
50

EC ) of 19 PAHs on two aquatic species. PLS 

regression of the Simca-S package [31] and molecular descriptors 

calculated with DFT in Gaussian 03 [53] are employed for model 

development. Two models are established and their high 2

train
R  

(0.82 and 0.92) and 2
Q  (0.74 and 0.86) values indicate their ac-

ceptable goodness-of-fit, robustness and internal predictive power. 

The average molecular polarizability ( ), 
homo lumo

, lowest trip-

let excitation energy (
T1

E ) and vertical electron affinity at the low-

est excited triplet (
T1

VEA ) are the main molecular structural factors. 

The following QSAR models are developed using DFT-based de-

scriptors: 

Model 1: 

10 50log EC
 = –9.721 10

-3
+9.017 10

-2
 

2

homo lumo +1.331 10
-1

 

T1
E

–1.849 T1
VEA

+9.976 

Model 2:  

10 50log EC
 = –6.396 10

-3 
+9.463 10

-2
 

2

homo lumo –1.087 

T1
VEA

–1.118 10
-1

 
2

T1
E

+4.443 10
-1

 homo + 5.819 

Polarizability, which determines the partition of PAHs between 

water and lipid, governs the photoinduced toxicity of selected 

PAHs. Moreover, the photoinduced toxicity increases with the de-

crease of 
homo lumo

 probably due to a better spectral overlap. The 

parameter 
T1

VEA , that characterizes the ability of PAH anion radi-

cal (PAH
-
) generation from excited triplet state PAH, is also related 

with the photoinduced toxicity. This investigation will make us gain 

more insight into the photoinduced toxicity mechanism and assess 

the applicability of various DFT-based descriptors to toxicological 

QSAR. 

Immunoassays are regarded as a possible alternative or supple-

ment for measuring PAHs in the environment. Since there are too 

many potential cross-reactants for PAHs immunoassays, it is diffi-

cult to determine all the cross-reactivities (CRs) by experimental 

tests. In 2010, Zhang et al. [54] investigate the relationship between 

CR and the physicochemical properties of 40 PAHs and related 

compounds, using the CR data from a commercial enzyme-linked 

immunosorbent assay (ELISA) kit test. Two techniques are applied 

for predicting the CR of PAHs in this ELISA kit, MLR and Com-

parative Molecular Field Analysis (CoMFA). Parabolic regression 

indicates that the CRs are significantly correlated with 
ow

pK  

( 2
0.64

train
R = , 23

train
N = , 0.0001P < ), suggesting that hydro-

phobic interactions play an important role in the antigenantibody 

binding and the cross-reactions in this ELISA test. The CoMFA 

procedures are performed with a Silicon Graphics workstation us-

ing Sybyl 6.91 [55]. The CoMFA model obtained shows that the 

CRs of the PAHs are correlated with the 3D structure of the mole-

cules ( 2
0.87

train
R = , 37

train
N = , 2

0.66Q = , 0.0001P < ). The 

contributions of the steric and electrostatic fields to CR are 40.4% 

and 59.6%, respectively. Both QSAR models satisfactorily predict 

the CR in this PAH immunoassay kit, and help in understanding the 
mechanisms of antigen-antibody interaction. 

Kobeticova et al. [56] publish an article in 2011 that compares 

the toxicity of selected two- and three-ringed PAHs (naphthalene, 

phenanthrene, andanthracene) and their N-heterocyclic analogs 

containing one (quinoline, acridine, and phenanthridine) and two 

(quinoxaline, phenazine, and 1,10-phenanthroline) nitrogen atoms 

on the survival and reproduction of E. crypticus in artificial soil. 
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When toxicity is based on molar concentrations in pore water 

( 1
.mol Lμ ), it significantly increases with increasing 

ow
K  value. 

This relationship indicates nonpolar narcosis as the general toxicity 

mechanism of the tested compounds. The concentration at which 

50% of adult survival (
50

LC ) and 50% inhibition of the reproduc-

tive output (
50

EC ) is observed, is calculated by logistic regression 

analysis with the Least Squares method [57]. The relationships 

between the properties of compounds and their toxicities are ana-

lyzed by the Pearson correlation, while all the statistical analyses 

are done using Statistica 8.0 software [27]. The multivariate statisti-

cal method, PLS implemented in Simca-p+12 [58], is employed to 

identify additional relationships between physicochemical descrip-

tors and the toxicity data besides 
ow

K . The QSAR models found 

reveal that the ionization potential (IP) of the tested PACs is as 

important for the explanation of their toxic effects as their 
ow

pK . 

For the group of compounds used in this study (i.e. 3 PAHs and 6 

NPAHs), this parameter seems rational to be included in QSAR 

models, because for NPAHs, dissociation (dependent on their ioni-

zation potential) affects not only their behavior in soil but also their 

toxicity. The QSAR models are successfully validated by permuta-

tion test and no outliers from these models are found. The QSAR 

models for 9 tested PAHs lead to the following statistical parame-

ters: 2
0.80

train
R = , 2

0.67Q =  for 
10 50log LC = -0.53 

10log
ow

K +1.52 IP–10.76 and 2
0.81

train
R = , 2

0.72Q =  for 

10 50log EC = –0.55 
10log

ow
K +1.58 IP–11.53. 

A study of 2011 by Li et al. [59] performs an integrated Mo-

lecular Docking and QSAR approach in order to further investigate 

the binding interactions (
b

K ) between hydroxylated PAHs (HO-

PAHs) and calf thymus DNA (CT-DNA). The binding mode for the 

HO-PAHs to CT-DNA is analyzed with CDocker, which is incor-

porated into Discovery Studio 2.5 through the Dock Ligands proto-

col [60]. Molecular descriptors are chosen using Dragon 2.1 [18] 

and Gaussian 09 packages [53], which describe hydrophobic, elec-

tronic and steric properties of molecules. All the initial geometries 

of the compounds are optimized with PM3, then optimized at the 

hybrid HF-DFT B3LYP/6-31G(d,p) level. Solvent (water) effects 

are taken into consideration implicitly, including the integral equa-

tion formulation of the PCM model (IEFPCM) [61]. The frequency 

analysis is performed on the optimized geometries to ensure that the 

systems have no imaginary vibration frequencies. Molecular size, 

polarizability and electrostatic potential are important factors for 

the binding interactions between HO-PAHs and DNA. The HO-

PAHs molecules with smaller molecular size and higher electro-

static interaction tend to have larger binding constants with DNA. 

The optimal QSAR model found is: 

10log
b

K  = 5.77–2.76 SIC2–1.43 MATS5p+2.62 10
-1

 Mor29e –

1.45 E2s + 5.36 II 

The statistical quality of the model is: 
17

train
N =

, 
2

0.75
train

R =
, 2

0.72Q = , 
7

test
N =

, 
2

0.66
test

R =
, 

0.11
test

S =
. 

Therefore, the developed QSAR model has good robustness, pre-

dictive ability and mechanism interpretability, which could be ap-

plied to predict the binding constants of other HO-PAHs.  

In another work, Li et al. [62] establish a QSAR model for the 

depuration rate constants (kd) of 28 PAHs, 8 Polybrominated 

Diphenyl Ethers (PBDEs) and 28 Polychlorinated Biphenyls 

(PCBs) in mussels (Elliptio complanata). All the quantum chemical 

descriptors are computed by Gaussian 09. Initial geometries of the 

compounds are optimized with PM3, then optimized at the hybrid 

HF-DFT B3LYP/6-31G(d, p) level. The model is obtained with 

PLS regression in Simca-S, following the guidelines for develop-

ment and validation of QSAR models. The best regression model is: 

10 dlog k = 1.34 10
-1

–1.07 10
3
 4.86 10

-3
 7.65 –4.31 10

-2
  

The statistical quality achieved is: 
51

train
N =

, 
2

0.95
train

R =
, 

2
0.95Q = , 

13
test

N =
, 

2
0.89

test
R =

, 
0.16

test
S =

. The 

electrophilicity index, molecular polarizability, the averages of the 

negative potentials on the molecular surface and the balance 

parameter of surface potential are key parameters governing the 

d
pk

 values in the QSAR model, which indicate that d
pk

 is mainly 

related to the partition ability, electrostatic interactions, and van der 

Waals interactions of compounds. The developed QSAR model 

shows good robustness, predictive ability and mechanism 

interpretability, which could be potentially applied to predict the 

depuration rates of other PAHs, PBDEs and PCBs. 

In 2012, the same group [63] integrates Molecular Docking 

with QSAR in order to understand the relationship between molecu-

lar structural features and estrogenic activity, and to predict the 
binding affinity of PAHs to the estrogen receptor  (ER ). Mo-

lecular descriptors that describe hydrophobic, electronic and steric 

properties of molecules are chosen for describing the interaction 

between PAHs and ER , calculated using Dragon 2.1 and Gaus-

sian 09 softwares. The initial geometries of the compounds are 

optimized with PM3, then reoptimized at the hybrid HF-DFT 

B3LYP/6-31G(d,p) level. Solvent (water) effects are taken into 

consideration implicitly, including the IEFPCM model. Five de-

scriptors ( 1E s , 1MATS v , 3L s , 12Mor v , and 020RDF e ) are 

included in the QSAR, which indicate that the estrogenic activity is 

related to molecular size, van der Waals volumes, shape profiles, 

polarizabilities and electropological states. The optimal QSAR 

model is: 

10log ER = 5.18+6.90 E1s+1.91 10
1
 MATS1v–6.53 L3s–8.97 

10
-1

 Mor12v 4.35 10
-2

 RDF020e 

The statistical quality achieved is: 
29

train
N =

, 
2

0.94
train

R =
, 

0.19
train

S =
, 2

0.85Q = , 
7

test
N =

, 
2

0.58
test

R = , 
0.90

test
S =

. 

Comparatively, the developed QSAR model has good robustness, 

predictive ability and mechanistic interpretability. 

A QSAR study of Xu et al. [64] includes the biodegradation ac-

tivity (
1/2

pt ) of 17 PAHs. The quantum chemical calculations of 

equilibrium geometries and vibration frequency are carried out with 

Gaussian 03 at the B3LYP/6-31+G(d,p) level of theory. The QSAR 

equation is established by using SPSS statistical analysis software 

package [65]. The main descriptors influencing 
1/2

pt  values that are 

found with the Stepwise Multiple Linear Regression (SMLR) 

method are: the wagging vibration frequency of the whole molecule 

(Freq), the number of benzene rings (nB), 
lumo

, the energy of the 

next homo (
nhomo

) and the biggest infrared frequency intensity 

(IRIn). The equation that has better predictive ability is: 

1/2
pt

= 12.049–0.013 Freq–0.159 nB–5.329 lumo +16.528 

nhomo –0.003 IRIn 

The statistical quality obtained is: 2
0.90

train
R = , 

0.041
train

RMSE = , 2
0.91Q = , 0.039

LOO
RMSE = . This QSAR 

model shows that the biodegradation activity is closely related to 

the molecular structure: the chemical bond strength of benzene ring 

plays an important role in biodegradation process, and low molecu-
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lar weight PAHs are more degradable than compounds having 

higher molecular weights. 

In another study of the same year, Xu and Li [66] establish a re-

lationship between the chemical structures and biodegradation rates 

(
b

k ) of 22 PAHs that range in size from two to four rings, including 

compounds containing 5-carbon rings and compounds with alkyl 

substituents. Because the biodegradation reactions in this study 

happened in an aqueous system degraded by Sphingomonas yanoi-
kuyae, solvent effects are considered using IEFPCM. The geo-

metries of all molecules are optimized using DFT at the B3LYP/6-

31+G(d,p) level in Gaussian 03. The QSAR equation is established 

by using SPSS statistical analysis software package. The molecular 

descriptors chosen with SMLR include: the in-plane bending vibra-

tion frequency of the conjugated ring of PAHs (Freqp), the largest 

negative atomic charges on a carbon atom ( ), and the amount of 

six-carbon benzenoid rings N1: 

b
k  = –0.653+0.001 Freqp+0.068 +0.049 N1 

The successfully developed QSAR model has the following sta-

tistics: 2
0.87

train
R = , 0.001

train
RMSE = , 2 (9%) 0.89Q = , 

9
0.0012

L O
RMSE = . The fact that a bending frequency is more 

important than the homo or lumo energies in predicting 
b

k  suggests 

that the bending of benzene ring might play an important role in the 

enzymatic catalysis of the initial oxidation step. 

Xu et al. [67] study the relationship between the soot-water par-

tition coefficient (
10 SClog K ) and the structure of persistent organic 

pollutants (POPs), in order to analyze the sorption behavior of such 

compounds. The initial geometries are optimized with Mopac 6.0 

implemented in the Vega package using the AM1 method [68], and 

reoptimized at the HF/6-31G* level with Gaussian 98. The correla-

tion is established with SMLR in SPSS 10.0. The results show that 

for Diesel soot (SRM 1650) the best descriptors are the sum of the 

surface minima values of the electrostatic potential together with 

the molecular surface area. The following equation is established 

for the calibration set: 

10 SClog K  = 8.996+2.811 10
-2

 As + 26.91 
homo

+4.729 +1.486 

Vs,max 

The quality of the derived QSAR is: 17
train

N = , 
2

0.98
train

R = , 

0.16
train

S = , 
2

0.96Q = . 

Another project of 2012 of Al-Fahemi [69] deals with the pre-

diction of the photoinduced toxicity (
10 50log EC ) of PAH com-

pounds toward two aquatic species, Daphnia magna and Scenedes-
mus vacuolatus. The geometries of the PAHs are fully optimized 

and calculated with B3LYP and the 3-21G basis set. Various quan-

tum chemical descriptors such as 
homo

, 
lumo

, 
homo lumo

, electro-

negativity, chemical potential, chemical hardness, softness index, 

electrophilicity and polarizability are used along with physico-

chemical descriptors to construct useful QSAR models. The SMLR 

method is employed to generate linear models, and it is carried out 

with SPSS. The descriptors of the photoinduced toxicity in Daphnia 
magna are: 

lumo
 and molar refractivity, leading to 14

train
N = , 

2
0.82

train
R = , 0.57

train
S = , 2

0.67Q = (
10 50log EC  = 7.690–0.0528 

MR+1.368 
lumo

). For the case of Scenedesmus vacuolatus, the best 

descriptors are 
homo lumo

, molar refractivity and electronegativity, 

with quality 12
train

N = , 2
0.92

train
R = , 0.31

train
S = , 

2
0.80Q =

2
0.67Q = (

10 50log EC  = 7.303–0.029 MR–2.213 
lumo

). 

According to the author, the resulting models are not expected to be 

useful per se for making genuine predictions for much larger test 

sets, but the various results do demonstrate the potential benefits of 

incorporating quantum-chemical descriptors into QSAR models for 

predicting the phototoxicity of PAHs. 

3. CONCLUSION 

In this review article we present various QSAR studies on 

PAHs and some derivatives that are established in the period 2003-

2012, in order to reveal the state of art of this subject. The analyzed 

properties have broad interest and involve carcinogenesis, 

mutagenicity, biocatalytic oxidation, phototoxicity, dermal penetra-

tion, biodegradation, and others. The molecular descriptors types 

and modeling techniques used are briefly commented. 

(Table 1) summarizes the reported QSAR models, including the 

number of compounds used for training and testing external predic-

tive capability together with their statistical quality. It is appreciated 

that the number of compounds used during past years for establish-

ing the structure-activity relationships has been small for most 

cases. In addition, the descriptors used in such studies have not 

been exhaustively chosen from a pool containing thousands of 

them, which would lead to a better result. Therefore, in line with 

these observations, among the perspectives for future QSAR re-

search on PAHs, we encourage new studies to address the following 

main points: i. to increase the number of PAH compounds for ob-

taining more representative models; ii. to use external test sets of 

compounds for an appropriate validation of such models; iii. to 

search for the best descriptors by exploring a pool that contains 

thousands of them; iv. to employ alternative modeling techniques, 

such as nonlinear methods of Artificial Neural Networks and Sup-

port Vector Machines; v. to use the developed QSAR for a priori 
prediction of the analyzed properties for compounds with unknown 

observations; vi. to expand the use of QSAR models to other phys-

icochemical and biological properties of interest. Finally, the most 

important result would be to apply the developed models to predict 

compounds that have no determined experimental values, and then 

to experimentally verify if the predictions achieved are correct or 

not, in other words, we call for an interdisciplinary communication 

between modelers and experimentalists. We expect that current 

review may serve as a guide for new QSAR projects on PAHs. 

Table 1. Details of QSAR Models Established on PAHs 

Authors Sets Statistical Parameters 

Zhou et al. [25] train
N = 48 structures 

2

train
R = 0.59; 2

Q = 0.49 (whole dataset) 

2

train
R = 0.66; 2

Q = 0.56 (excluding 2 outliers) 

Niu and Yu [29] train
N = 10 structures 

2

train
R = 0.82; 2

Q = 0.78 (model 1) 

2

train
R = 0.79; 2

Q = 0.75 (model 2) 
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Table 1. contd…. 

Authors Sets Statistical Parameters 

Ribeiro and Ferreira [32] 
train

N = 17 structures 2

train
R = 0.84; 2

Q = 0.79 

Gallegos Saliner and Gironés [35] 
train

N = 60 structures 2

train
R = 0.69; 2

Q = 0.65 

Gramatica et al. [38] 
train

N = 32 structures 90-100% range of sensitivity and specificity 

Duchowicz et al. [41] 

1train
N = 37 structures 

2train
N =

26 structures 

3train
N =

47 structures 

2

train
R = 0.98; 2

Q = 0.98 (model 1) 

2

train
R = 0.98; 2

Q = 0.97 (model 2) 

2

train
R = 0.88; 2

Q = 0.86 (model 3) 

Gramatica et al. [42] 
train

N = 48 structures 2

train
R = 0.90; 2

Q = 0.87 

Singh et al. [43] 
train

N = 48 structures 2

train
R = 0.92; 2

Q = 0.90 

Dimitriou-Christidis et al. [46] 
train

N = 20 structures 

2

train
R = 0.84; 2

Q = 0.57 (for qmax) 

2

train
R = 0.82; 2

Q = 0.66 (for pKs) 

2

train
R = 0.88; 2

Q = 0.80 (for qmax/ pKs ) 

Wang et al. [49] 
train

N = 20 structures 

test
N = 10 structures 

2

train
R = 0.85; 2

test
R = 0.83 

Wang et al. [52] 
1train

N = 12 structures 

2train
N =  14 structures 

2

train
R = 0.82; 2

Q = 0.74 (model 1) 

2

train
R = 0.92; 2

Q = 0.86 (model 2) 

Zhang et al. [54] 
1train

N = 23 structures 

2train
N = 37 structures 

2

train
R = 0.64 (model 1); 2

0.60Q =  

2

train
R = 0.87(model 2); 2

0.83Q =  

Kobeticova et al. [56] 
train

N = 9 structures 

2

train
R = 0.80; 2

Q = 0.67 (for LC50) 

2

train
R = 0.81; 2

Q = 0.72 (for EC50) 

Li et al. [59] 
train

N = 17 structures 

test
N = 7 structures 

2

train
R = 0.75; 2

test
R = 0.66 

Li et al. [62]  
train

N = 51 structures 

test
N = 13 structures 

2

train
R = 0.95; 2

test
R = 0.89 

Li et al. [63]  
train

N = 29 structures 

test
N = 7 structures 

2

train
R = 0.94; 2

test
R = 0.58 

Xu et al. [64] 
train

N = 17 structures 2

train
R = 0.91; 2

Q = 0.90 

Xu and Li [66] 
train

N = 22 structures 2

train
R = 0.87; 2 (9%)Q = 0.89 

Xu et al. [67] 
train

N = 17 structures 

train
N = 8 structures 

2

train
R = 0.98; 2

Q = 0.96 

Al-Fahemi [69] 
1train

N = 14 structures 

2train
N = 12 structures 

2

train
R = 0.82; 2

Q = 0.67 (model 1) 

2

train
R = 0.92; 2

Q = 0.80 (model 2)  
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ABBREVIATIONS 

ANN = Artificial Neural Networks 

CART = Classification and Regression Tree 

CoMFA = Comparative Molecular Field Analysis 

DFT = Density Functional Theory 

homo
 = Energy of the highest occupied molecular orbital  

lumo
 = Energy of the lowest unoccupied molecular 

orbital  
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homo lumo  = Difference between homo  and lumo  

GA = Genetic Algorithms 

GEP = Gene Expression Programming 

HF = Hartree-Fock 

HO-PAHs = Hidroxylated- Polycyclic Aromatic Hydrocar-

bons  

IEFPCM = Integral Equation Formulation of the Polarized 

Continuum Model  

ow
K  = Partition coefficient for the n-octanol-water 

system 

LOO = Leave One Out Cross Validation 

LNO = Leave N% Out Cross Validation 

MLR = Multivariable Linear Regression  

N  = Number of molecules 

PAHs = Polycyclic Aromatic Hydrocarbons  

PBDEs = Polybrominated Diphenyl Ethers  

PCBs = Polychlorinated Biphenyls  

PLS = Partial Least Squares  

2
Q  = Explained variance of LOO 

2 ( %)Q n  = Explained variance of LNO 

QSAR = Quantitative Structure-Activity Relationship  

QSPR = Quantitative Structure-Property Relationship  

R  = Correlation coefficient of the model 

2
R  = Explained variance 

RMSE = Root Mean Square Error 

S  = Standard deviation of the model 

SMLR = Stepwise Multiple Linear Regression 

test = Test set 

train = Training set 
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