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Abstract The new European chemicals regulation Regis-
tration, Evaluation, Authorization and Restriction of Chem-
icals entered into force in June 2007 and accelerated the
development of quantitative structure–activity relationship
(QSAR) models for a variety of endpoints, including carcino-
genicity. Here, we would like to present quantitative (continu-
ous) and qualitative (categorical) models for non-congeneric
chemicals for prediction of carcinogenic potency. A dataset
of 805 substances was obtained after a preliminary screen-
ing of findings of rodent carcinogenicity for 1,481 chemi-
cals accessible via Distributed Structure-Searchable Toxic-
ity (DSSTox) Public Database Network originated from the
Lois Gold Carcinogenic Potency Database (CPDB). Twenty
seven two-dimensional MDL descriptors were selected us-
ing Kohonen mapping and principal component analysis.
The counter propagation artificial neural network (CP ANN)
technique was applied. Quantitative models were developed
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exploring the relationship between the experimental and pre-
dicted carcinogenic potency expressed as a tumorgenic dose
TD50 for rats. The obtained models showed low prediction
power with correlation coefficient less than 0.5 for the test
set. In the next step, qualitative models were developed. We
found that the qualitative models exhibit good accuracy for
the training set (92%). The model demonstrated good pre-
dicted performance for the test set. It was obtained accuracy
(68%), sensitivity (73%), and specificity (63%). We believe
that CP ANN method is a good in silico approach for model-
ing and predicting rodent carcinogenicity for non-congeneric
chemicals and may find application for other toxicological
endpoints.
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Abbreviations
REACH Registration, Evaluation, Authorization and

Restriction of Chemicals
QSAR Quantitative structure–activity relationship
DSSTox Distributed Structure-Searchable Toxicity
CPDB Lois Gold Carcinogenic Potency Database
PCA Principal component analysis
CP ANN Counter propagation artificial neural network
TD50 Tumorgenic dose

Introduction

Carcinogenicity and mutagenicity of chemical substances are
widely discussed issues with respect to their potential nega-
tive effects on human health [1]. According to the
newly implemented European’s Registration, Evaluation,
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Authorization and Registration of Chemicals directive
(REACH), the toxicological information shall be submitted
for the registration or authorization of chemicals. The iden-
tification of chemical mutagens and carcinogens is of high
priority within the EU and other countries. More details about
the carcinogenicity hazard assessment can be found in OECD
Environment, Health and Safety Publications Series on Test-
ing and Assessment No. 35 [2].

Chemicals are defined as carcinogenic if they induce tu-
mors, increase tumor incidence, or shorten the time to
tumor occurrence. Carcinogenicity is a very complex bio-
logical process that includes at the first stage, a possible
metabolic transformation of a chemical followed by inter-
action with biomolecules like DNA or proteins which may
end in the malfunctioning of cells. Basically, carcinogens
may be divided into two categories: genotoxic and non-geno-
toxic. Genotoxic carcinogens (GCs) initiate carcinogenesis
by direct interaction with DNA, resulting in DNA damage or
chromosomal aberrations that can be detected by genotox-
icity tests. In contrast, non-genotoxic carcinogens (NGCs)
exert their carcinogenic effects through a variety of so-called
epigenetic mechanisms [3,4].

The data for carcinogen identification include human epi-
demiologic studies, long-term bioassays in experimental ani-
mals, and other relevant data on toxicokinetics and cancer
mechanisms including in vitro methods. Transgenic assays
might be used as additional source of information. Each
source of data has a role in the overall assessment. An inte-
grated testing strategy for carcinogenicity in details is pro-
vided in report of Defra REACH project [5]. The use of
in vitro data is described in more detail in Ref. [6] and mini
review [7].

It should be highlighted that a discussion is raised on
whether animal data are adequate to estimate hazards in
humans. To answer questions about the similarity of response
between animals and humans, studies of toxicokinetics and
mechanisms of actions have been employed [8–12]. How-
ever, it has become a regulatory principle that, without
human data, only data from animal bioassays are acceptable
as definitive evidence of carcinogenicity. Substances that
induce tumors in animals are considered as presumed or sus-
pected human carcinogens until convincing evidence to the
contrary is presented [13].

At the current stage of research, the majority of our knowl-
edge on carcinogenicity relies on the data generated from
rodent’s carcinogenicity assays. Toxicity and carcinogenicity
studies should be conducted according to OECD Guidelines
for testing of chemicals, so-calls Test Guidelines (TGs). Con-
sideration should be given in carrying out a combined chronic
toxicity and carcinogenicity study (TG 453), rather than sep-
arate execution of a chronic toxicity study (TG 452) and car-
cinogenicity study (TG 451) [14–16]. The above-mentioned
animal experiments count to the most expensive tests. First,

the duration of a single test takes a life span of animals, i.e.,
18–36 months. Second, to get statistically significant results,
a large number of animals must be killed that rises the eth-
ical concerns. Increasing the social, economic pressures to
reduce the use of animal testing and existence of large dat-
abases on rodent carcinogenicity appear as important rea-
sons to develop “in silico” carcinogenicity models [17,18].
Thus, in silico approaches are considered to be an alternative
solution to animal testing and widely used not only in risk
assessment by different regulation bodies, but also, e.g. in
drug discovery [19–25].

In silico models are divided into three groups: quantita-
tive structure–activity relationship models (QSARs), qualita-
tive structure–activity relationship models (SARs) and expert
systems. All the above mentioned approaches can be ap-
plied for carcinogenicity prediction. SARs belong to qual-
itative approaches, often occurring in the form of structural
alerts, which are related to the presence or absence of biolog-
ical activity. Under computer supported alternative methods,
SARs play an important role [1,26].

Quantitative structure–activity relationships are quantita-
tive in nature, producing categorical or continuous prediction
scale. The evaluation of non-commercial QSARs for mutage-
nicity and carcinogenicity is reported by Benigni et al. [27].
Many in silico models for prediction of carcinogenicity were
developed (for review articles see [18,28–30]). Some QSARs
models were developed for distinct chemical classes (mod-
els for congeneric chemicals), for example, the models for
prediction of amines, nitro compounds, polycyclic aromatic
hydrocarbons [26,31–36]. Generally, the topic of QSARs for
individual classes of compounds was assessed by Passerini
[37] and reported by Benigni [38]. The advantage of models
based on chemical class is that they have a strong mecha-
nistic basis that leads to better interpretation of predictions.
Their disadvantage is that they are models with only a limited
applicability domain which is uncomfortable for regulatory
uses as many complementary models should be supplied to
cover all chemical classes. Models for non-congeneric chem-
icals based on heterogeneous databases are developed and de-
scribed in the literature as well [39–41]. A large number of ex-
pert systems such as MultiCASE, OncoLogic, and PASS ex-
ist to predict carcinogenicity. Some approaches dedicated for
prediction only carcinogenicity and others integrate different
endpoints [42–46]. Different issues for prediction of carcino-
genicity are presented by regulatory bodies, research centers,
and laboratories [47–55]. In carcinogenicity study, the end-
point must be well-defined. Some models use well-defined in
vitro measurements of carcinogenicity potency and mutage-
nicity [56–61]. The biggest rodent carcinogenicity Gold data
base gives the tumourgenic dose (TD50) as the continuous
variable to measure the carcinogenic potency [62]. In some
cases, the No Observed Effect Concentration (NOEC) can be
used as alternative measure for carcinogenic potency [63].
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In this article, we present models built with Counter Prop-
agation Artificial Neural Network (CP ANN). The CP ANN
is described in many textbooks [64–69]. In the section below,
some basic ideas are presented. We have developed carcin-
ogenic potency prediction models for 805 non-congeneric
chemicals using CP ANN technique in the scope of European
project Computer Assisted Evaluation of industrial chemical
Substances According to Regulations (CAESAR) [70].

It is to emphasize that qualitative and quantitative data can
be used in the development of models depending on response.
Usually, one talks about quantitative models when the po-
tency is expressed as continues variable like tumorgenic dose
TD50. Alternatively, the potency can be expressed only as
ranking information. For example, the compounds can be
classified as positive and negative. Models built with such
data are usually addressed as qualitative ones. Both kinds
of models are considered in this article. In our first trials,
we have applied the CP ANN for modeling of continuous
data using TD50. Some findings concerned the log TD50 dis-
tribution are discussed in this article. Numerous quantitative
models were built and optimized; however, none answers the
validation criteria suitable for regulation. Using the categor-
ical data (yes/no), we have built classification models with
good prediction power. Our final model should serve as a
useful tool for the preliminary ranking and prioritization of
chemicals for carcinogenicity, as required by REACH.

Data

Database

The investigated carcinogenicity dataset contains 805
chemicals which were extracted from the database of 1,481
substances taken from Distributed Structure-Searchable Tox-
icity (DSSTox) Public Database Network (http://www.epa.
gov/ncct/dsstox/sdf_cpdbas.html) derived from the
Lois Gold Carcinogenic Database (CPDB) (http://potency.
berkeley.edu/)—the biggest rodent carcinogenicity studies
collection. Here, the carcinogenic potency is expressed as tu-
mourgenic dose TD50 which was measured according to stan-
dard protocol. We took into consideration only rat-derived
data (1,186 compounds) because such data are often con-
sidered to be more suitable for human carcinogenicity pre-
diction. (The International Conference on Harmonisation of
Technical Requirements for Registration of Pharmaceuticals
for Human Use (ICH) agreed that, in certain circumstances,
only one long-term rodent bioassay is required. This should
be preferably be in the rat as all known human carcinogen
are also positive in rats.)

We focused only on well-defined organic compounds
therefore mixtures, polymers, inorganic compounds, metal-
loorganic compounds, salts, complexes and compounds with-

out well-defined structure were excluded. Furthermore, the
composed database was cross checked by at least one of the
partners involved in the CAESAR project and then
submitted to another group for descriptors calculation and
mathematical modeling. The list of 805 chemicals used for
carcinogenic potency modeling along with original rat-
derived rodent carcinogenic potency expressed as discrete
endpoint and with prediction results is given in Support-
ing Information (Table 1SI). Discrete endpoint in Table 1SI
is given as target value in column named “target”, where 1
corresponds to positive (P) or active and 0 stands for nega-
tive/not positive (NP) or inactive. Prediction value is given
in column named “prediction”.

Division of the database into the training and test sets

The analyzed dataset consisting of 805 organic compounds
was subdivided into multiple training (644 chemicals)/test
(161 chemicals) set pairs. The training set contains 327 posi-
tive and 317 negative compounds and the test set 95 positive
and 66 negative ones. It is evident that positive and negative
compounds are evenly distributed over both sets. This part
of the study has been done at the Helmholtz Centre for Envi-
ronmental Research—UFZ in Germany by one of the groups
involved in the CAESAR project.

Considerable number of papers concerning the descrip-
tor (and target) domain of training and prediction sets was
published (recent examples: [71,72]).

In the study, it is presented a new algorithm aimed to
split the organic compounds into training/prediction sets with
respect to the chemical space. First, the compounds are sorted
according to a hierarchical system of compound classes. The
top level of this hierarchy consists of hydrocarbons, com-
pounds with O, N, N and O (not bonded), NO (bonded),
S, SO (bonded), P, and other elements. The order of these
classes determines a priority to ensure a proper treatment of
compounds with multiple different functional groups. The
priority increases within this order, i.e., in the absence of
rare elements, P is assigned the highest priority. For exam-
ple, a compound containing P-, S-, and O-groups together
would primarily be sorted into the P class. Within a class, the
same sorting according to classes of lower priority is applied.
In the example just mentioned, there would be an S subclass,
and an O subclass would be within the S subclass.

Next, the subclasses are divided according to their hal-
ogen content, with the subclasses none, F, Cl, Br, I, mixed
halogens, and the compounds are then sorted with respect to
the number of halogen atoms within each of these classes.
Then, the next step is to further discriminate these subclasses
according to functional groups. For each of the main clas-
ses, a set of the 5–15 most relevant functional groups with
respect to organic chemicals has been defined. For example,
the O class contains groups as OH, carbonyls, carboxyls, etc.
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In some cases, there is a further sub-grouping, as p-OH,
s-OH, t-OH, aro-OH, or dividing the carbonyls into alde-
hydes and ketones. Unidentified functional groups contain-
ing the respective atom (in the example: O) are treated as a
separate subgroup. As with halogens, the compounds are at
last sorted according to the number of the respective func-
tional group. In these steps, the treatment of mixed occur-
rences of functional groups differs from the procedure for
the primary classes and subclasses. There is no priority for
the functional group classes, but there is an additional mixed
group’s class. Within the mixed class, there is again a strati-
fied sorting according to priorities.

After finishing the sub-sorting according to functional
groups, several steps follow to distinguish between connec-
tivity aspects; compound are distinguished between aromat-
ics and non-aromatics, aromatics are further divided into
simple and fused. Regardless of aromatic or not, a further
separation follows for the non-aromatic part of the mole-
cule (if any) into saturated or containing double or triple
bonds. Saturated non-aromatic substructures are divided into
straight chains only or containing branches or rings. Finally,
within the deepest leave of that classification tree, compounds
remaining within the same subclass are sorted with respect
to the number of C atoms.

The sorting of the compounds according to the procedure
described here is implemented to run fully automated with
the software ChemProp [73,74].

From the sorted list, the prediction sets will be separated by
simple counting with respect to the desired ratios between the
subsets. For the 80:20 splitting ratio in this study, each fifth
compound from the sorted list has been put into the second
list. For a splitting into 10 samples of equal size, compound
one would go to set one, compound two to set two, etc. This
way, the procedure keeps the relations between compound
classes in the resulting sets as close as possible to the rela-
tions in the total set. It is to emphasize that the splitting to
training and test set was performed independently from mod-
eling procedure, i.e., is neither a part of descriptor selection
nor the model optimization.

Description of the carcinogenic potency

In toxicology, the acute lethal dose LD50 of a chemical plays
a central role. It is defined as the dose of the chemical that kills
50% of the test animals. A large value for the LD50 indicates
a substance of low acute toxicity, while a small LD50 indi-
cates a potent poison. Although the LD50 varies with strain,
species, and experimental conditions, it has been proved to
be a useful and practical measure of acute toxicity, and it
is widely used and well understood. In order to adopt some
roughly analogous measure for the tumorigenicity of a par-
ticular agent, the tumorgenic dose has been employed in the
study. The TD50 is defined as the tumorgenic dose rate where

50% of the test animals got any kind of cancer. Using other
words, the TD50 is that chronic dose rate [in mg/kg body
weight per day (mg/kg-bw/day) or mmol/kg body weight
per day (mmol/kg-bw/day)] which would give half of animal
tumors within some standard experiment time—the “stan-
dard lifespan” for the species. In our study, we consider the
dose for rats expressed as logarithm of (mmol/kg bw/day).
The dose was adopted as the output value in quantitative
modeling.

We have accepted an assignment of carcinogenic categor-
ical activity based on evidence for or against activity within
the species group in target sites of rats (male, female or both)
as provided in the CPDB Summary Table. Hence, “active”
or P or carcinogen was assigned for compound if one or
more TD50 and tumor site are listed for one or more rat car-
cinogenicity sex/species cell (rat male, rat female, rat both)
and “inactive” or NP or non-carcinogens was assigned for
compound if no TD50 or tumor site are listed and one or
more “no positive results” entry for one or more rat carcin-
ogenicity sex/species cell, i.e. one or more experiments are
reported in the CPDB for species, but none are positive. In
other words, chemicals from the studied dataset were clas-
sified as not carcinogenic when the results obtained during
animal tests on rats were assigned as NP (or not active).
Compounds were classified as P (or active) when the in vivo
assays gave defined TD50 value. In the studied dataset (805
compounds), 421 chemicals were classified as carcinogenic
and remaining 384 as non-carcinogens. This classification
scheme was adopted for quantitative modeling.

Descriptors used in the modeling

The descriptors space for the current study was generated us-
ing MDL�QSAR program (MDL-QSAR version 2.2.2.0.7,
MDL Information Systems, 14600 Catalina St. San Leo-
nardo). MDL QSAR software calculates over 240 physical–
chemical, electro topological E-state, connectivity, and other
descriptors. E-state indices are a combination of electronic,
topological, and valence state information. These indices
incorporate information related to atom types and electron
accessibility, hydrogen atom E-states, and connectivities that
are influenced by all of the sub-structural features of a mol-
ecule [75–77]. Hence, we have got the molecular structure
information using topological descriptors, including atom-
type and group-type, E-State and hydrogen E-state indices,
molecular connectivity, chi indices, topological polarity, and
counts of molecular features. The set of 254 MDL descriptors
was obtained for each of the 805 compounds by the group of
BioChemics Consulting SAS (BCX, France) involved in the
CAESAR project.

Before the descriptors space was reduced, all variables
were normalized into −1+1 range. The main goal of the
descriptors space reduction is the extraction of significant
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variables for the future QSAR modeling. In present study,
Kohonen Artificial Neural Network (KANN) and Principle
Component Analysis (PCA) were used to reduce the number
of descriptors as described in the following section.

Methods

Artificial neural networks

In the current study, we focused on three tasks: first, reduc-
tion of number of descriptors using KANN and PCA tech-
nique, second, construction of quantitative models [trying to
model the continuous value (tumorgenic dose TD50)], and
third, development and evaluation of categorical models us-
ing as a response binary characteristics of carcinogenic po-
tency (active/inactive). Obtained models have been discussed
from regulator’s point of view.

Kohonen Artificial Neural Networks and CP ANNs have
been used in our study. KANNs have been applied for selec-
tion of descriptors and CP ANNs have been employed to build
predictive models. KANN [64,78–81] represents a
basic type of neural network. Mathematically, it is a mapping
from multi-dimensional descriptor space onto two-dimen-
sional network of neurons, which are vectors of weights.
The dimension of the vectors is equal to the dimension of
descriptor space. The mapping runs via non-linear algorithm
also known as training. A result is two-dimensional network
where the neurons are occupied with objects. The arrange-
ment of objects shows the similarity relationships among
them, i.e., the similar objects are located close to each other
in the network. It is to emphasize that the training of KANN
is unsupervised, i.e., the property values are not a part of the
training. The KANN method was successfully applied for
descriptors selection, e.g. in structure mutagenicity study of
aromatic amines [82] or classification models [83,84]. In the
procedure aimed for reduction of descriptors space the Koho-
nen network is trained with transpose matrix, i.e., the matrix
where the roles of objects and descriptors are exchanged. A
result is a map where the neurons are occupied with descrip-
tors. Two selection criteria were applied. If a neuron is occu-
pied with a single descriptor, it is placed into descriptor set,
and, if a neuron is occupied with more descriptors those with
the shortest and larger distance were selected. The distance
is defined as the Euclidian distance between the descriptor
vector and the neuron weight vector [78–81].

The CP ANN is a generalization of KANN [64,85,86].
The architecture of CP ANN is presented in Fig. 1. The CP
ANN is built up from two layers of neurons arranged in
two-dimensional rectangular matrix. The input (or Koho-
nen) layer contains information about the descriptors (in-
put values, see vector representing structure in Fig. 1) while
the output layer represents the output values, the carcino-

Fig. 1 The architecture of counter propagation artificial neural net-
work (CP ANN)

genic potency in our case. We have used the CP ANN to
build the models for prediction of carcinogenic potency doses
(quantitative models) and for classification of compounds
into two classes (qualitative models). In the first case, the
output layer consists of a single layer associated to a single
output variable. In the second case, the output layer is two-
dimensional, one dimension corresponds to P and the second
one to NP response.

Special program TRACEANN in Matlab (http://www.
mathworks.com/products/) was developed for CP ANN mod-
eling in frame of Sixth Framework Program under the Food
Quality and Safety Priority (TRACE project no. 006942).
The ANN Toolbox performs the classification of multivari-
ate data using the Kohonen mapping method, and predictive
modeling using Counter-propagation neural network includ-
ing the visualization (contour plots, 3D visualization, and
colored neurons) of Kohonen levels. It was created by Marjan
Tušar (National Institute of Chemistry Slovenia, Laboratory
of Chemometrics, Hajdrihova 19, 1001, Ljubljana, Slove-
nia). Further applications and program details are reported
by Groselj et al. [87].

Validation procedures

Robustness, prediction ability, and validation are crucial is-
sues in developing QSAR models. The partners of CAESAR
project agreed to accept statistical parameters described in
detail below for the development of quantitative and qualita-
tive models.

Quantitative models validation criteria can be described as
follows. For the training set, it was proposed to use: the square
correlation coefficient R2 between predicted and experimen-
tal values; the cross-validated values, Q2 by leave-one-out
(LOO) and leave-several-out (LSO); the root mean square
error (RMSE). Similar set of parameters was proposed for the
test set: square correlation coefficient R2 and RMSE scores
like for the training set.
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Moreover, the following conditions by Golbraikh et al.
[88] should be considered to confirm that proposed
QSAR models have both, robustness and predictive
power.

Q2 > 0.5; (1)

R2 > 0.6, (2)

where R2 = square correlation coefficient and Q2 = cross-
validated correlation coefficient. More detailed requirements
for validation of QSAR models used for regulatory uses are
described in the following papers [89–92].

The evaluation of the performance of a categorical or clas-
sification model can be assessed using the Cooper statistics
[93,94]. First, it should be calculated the number of true and
false positive and negative [true positive (TP), true negative
(TN), false positive (FP), false negative (FN)]. Cooper statis-
tics express the ability of classification model to detect known
active compounds (sensitivity), non-active compounds (spec-
ificity), and all chemicals in general (accuracy). The statisti-
cal standard binary measures used for categorical models in
the study are described in follow-up.

Sensitivity is defined as the percentage of correctly classi-
fied carcinogens among the total number of carcinogens.
Sensitivity (SE) = TP/(TP + FN).
Specificity is the percentage of correctly classified non-
carcinogens among the total number of non-carcinogens.
Specificity (SP) = TN/(TN + FP).
Accuracy (Acc) (or concordance) is defined as the total
number of carcinogens and non-carcinogens correctly pre-
dicted among the total number of tested compound.
Acc = (TN + TP)/(TN + TP + FN + FP).

The statistical characterization of the classification (cat-
egorical) models is based on the “confusion matrix”. The
positive and negative classification rates focused more on
the effects of individual chemicals, since they are conditional
probabilities. Thus, the positive classification rate is a prob-
ability that a chemical classified as active is really active,
while negative classification rate gives the probability that
chemical classified as inactive chemical is really inactive.

Results and discussion

Descriptors space reduction

Initial set of 254 descriptors was reduced in four steps pro-
cedure. First step was dedicated to a visual inspection of
the descriptors set and elimination of four descriptors with
zero values for all objects (see Table 2SI). As a result, the
number of descriptors was reduced from 254 to 250. Sec-
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Fig. 2 The graphical representation of Principle Component Analysis
(PCA) results

ond step includes the implementation of KANN technique
where the number of descriptors was reduced from 250 to 94
MDL descriptors listed in Table 3SI. It should be highlighted
that the most homogenous distribution of descriptors over the
network was obtained for dimension of Kohonen map 7 × 7
and number of learning epochs equal to 100. Initial variables
mapping or distribution of descriptors in 7 × 7 top map of
Kohonen neural network is shown in the Table 4SI where
the number of descriptors occupying an individual neuron is
pointed in each square. After selection of pairs of descriptors
(with shortest and largest distance) from each of square, we
have got distribution of descriptors in 7×7 top map shown in
Table 5SI. Third step in descriptors space reduction involves
elimination of eight descriptors with average value close to
zero and standard deviation close to zero (see Table 6SI). This
way the number of descriptors was reduced from 94 to 86.
Finally, step four includes application of the PCA [95] where
the number of descriptors was reduced to 27. PCA has been
performed using Minitab program (Minitab statistical soft-
ware, Minitab Inc., Quality Plaza, 1829 Pine Hall Rd, State
College, PA, USA (www.minitab.com)). The main goal of
PCA was to display multidimensional data in the space of
lower dimensionality with minimum loss of information and
to extract basic features behind the data. The graphical rep-
resentation of PCA results is shown in Fig. 2.

According to data in correlation matrix presented in
Table 7SI and in Fig. 2, the first principle component P1 has
variance 21.742 (equal to the largest eigenvalue) and ac-
counts for 0.253 (25.3%) of total variation in data, the sec-
ond principle component P2 (variance 8.242) accounts for
0.096 (9.6%) of total variation in data, the third one (P3)
(variance 6.077) accounts for 0.071 (7.1%) of total varia-
tion in data, the fourth one (P4) (variance 4.909) accounts
for 0.057 (5.7%) of total variation in data and the fifth one
(P5) (variance 3.668) accounts for 0.043 (4.3%) of total var-
iation in the data. The remaining components from P6 to
P86 are less informative. Summarizing, we can conclude
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Table 1 The set of 27 MDL descriptors obtained after descriptors space reduction using PCA

MDL_ID Index Definition Descriptors categories

MDL001 SsCH3 Sum of all (–CH3) E-State values in molecule Atom-Type E-State

MDL006 SaaCH Sum of all (CH) E-State values in molecule Atom-Type E-State

MDL007 SsssCH Sum of all (> CH–) E-State values in molecule Atom-Type E-State

MDL042 SsCH3_acnt Count of all (–CH3) groups in molecule Atom-Type E-State Acnt

MDL052 SaasC_acnt Count of all (CH) groups in molecule Atom-Type E-State Acnt

MDL083 x0 Simple 0 order chi indices Connectivities simple

MDL088 xp5 Simple fifth order path chi indices Connectivities simple

MDL105 dx0 Difference simple zero order chi indices Connectivities simple

MDL124 nxc3 Number of three way clusters Connectivities subgraph counts

MDL131 nxch7 Number of seven-membered rings Connectivities subgraph counts

MDL148 xvpc4 Valence fourth order path/cluster chi index Connectivities valence

MDL160 dxvp3 Difference valence third order path chi indices Connectivities valence

MDL165 dxvp8 Difference valence eighth order path chi indices Connectivities valence

MDL176 SHsOH Sum of all [–OH] E-State values in molecule HE-State categories

MDL186 Hmin Smallest atom hydrogen E-State value in molecule HE-State categories

MDL187 Gmin Smallest atom E-State value in molecule HE-State categories

MDL193 SHarom sum of hydrogen E-State on aromatic CH HE-State for groups

MDL226 LogP Calculated value of LogP Log P

MDL229 nelem Number of chemical elements Molecular properties

MDL231 ncirc Number of graph circuits Molecular properties

MDL235 numHBa Number of hydrogen bond acceptors Molecular properties

MDL240 SHHBa Sum of Atom-type E-State indices for hydrogen bond Acceptors Molecular properties

MDL243 Qsv Average polarity Molecular properties

MDL248 sumI Total of simple topological indices Total topological indices

MDL249 TTs(4) Simple Total of valence topological indices Total topological indices

MDL252 totop Total topological index based on the molecular connectivity formalism Total topological indices

MDL253 Wt Total Wiener number Total topological indices

that five principle components describe 52% of total data
variation. Another way for determination of principle com-
ponents used in our study is the analysis of the scree plot (see
Fig. 2) where the component numbers are displayed versus
the corresponding eigenvalues. The eigenvalues of correla-
tion matrix are equal to the variation of principle component.
The number of components was chosen based on the size of
eigenvalues. The selected five principal components contain
27 MDL descriptors used for further modeling and listed in
Table 1.

These 27 descriptors belong mostly to topological struc-
ture descriptors, including atom-type and group-type E-state
indices (three Atom-Type E-State, two Atom-Type
E-State Acnt); molecular connectivity chi indices (eight
descriptors), hydrogen E-state indices (four descriptors),
four total topological indices, counts of molecular features
(five molecular properties descriptors), and log P. (See
MDL QSAR Users guide for specific interpretation of
topological descriptors.) For references see also
[96–98].

Quantitative CP ANN models development
and evaluation

Quantitative models aimed for prediction continues values
such as tumourgenic dose TD50 in case of prediction of car-
cinogenic potency. They can be used as support to carcin-
ogenicity assessment and carcinogenic potency evaluation,
for instance to evaluate relative risk of different compounds,
or of metabolite or parent compound.

In this part of study, quantitative models for prediction car-
cinogenic potency expressed as continuous value log TD50

are presented. Some findings concerned statistical evaluation
of log TD50 distribution are discussed. We have investigated
the effect of NP data and molecular weight (MW) on statis-
tical performance of models.

First of all, statistical evaluation of distribution of car-
cinogenic potency expressed as log TD50 in mmol/kg bw
per day for dataset of 805 compounds was performed in
our study. Minitab program version 15 was used for
graphical representation and evaluation of response log TD50.
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It should be noticed that NP results was transformed as a
number. The tumorgenic dose of 5,000 mg was assumed for
not positive tests, as the biggest dose in our dataset appeared
to be 3,000 mg. To transform mg/kg-bw/day into mmol/kg
bw/day one must divide TD50 expressed in mg/kg bw/day
on MW. We used a histogram to assess the shape and spread
of continuous data log TD50 (mmol/kg-bw/day) (see Fig. 3).

To draw a histogram, Minitab divides sample values into
many intervals called bins. By default, bars represent the
number of observations falling within each bin (its frequency).
Y-axis corresponds to frequency and X-axis corresponds to
log TD50. It is visible on histogram that we deal with two dis-
tributions. In Fig. 3, values of log TD50 approximately greater
than 1.5 belong to NP results (non-carcinogens) and the area
for values less than 1.5 belongs to positive ones (carcino-
gens). Thus, we have got clusters in the histogram for com-
pounds belonging to carcinogens (P) and non-carcinogens
(NP).

Second, a number of quantitative models with different
number of MDL descriptors were developed and evaluated.
The following sets of descriptors were employed in the study:

(i) 250 MDL descriptors from initial set calculated with
MDL software;

(ii) 86 MDL descriptors obtained after descriptors selec-
tion using Kohonen Network technique;

(iii) 27 MDL descriptors obtained after variable reduction
using PCA.

During modeling, the optimal dimension of neural net-
work (35×35) for dataset of 805 compounds was found. CP
ANN was trained from 100 to 1,600 learning epochs. Sum-
mary statistical performance of CP ANN models using 250,
86, and 27 MDL descriptors network dimension 35×35 and
number of learning epochs 100 presented in Table 2.

Correlation coefficient “R” for training set for best models
is in range 0.72–0.74. As for validation (test) set, the correla-
tion coefficient do not exceed 0.47, which is low for reliable
model. The obtained results for the training and the test sets
showed that the number of descriptors does not influence
the statistical quality of models. The correlation coefficients
for test sets are not high enough to fulfill criteria for the
predictive power of QSAR models concerning prediction of
carcinogenic potency.

Fitted line plot [predicted versus experimental log TD50

(mmol/kg-bw/day)] was built for model containing 27 MDL
descriptors (dimension 40 × 40, 100 learning epochs) (see
Fig. 4).

It should be highlighted that clusters for P and NP results
are visible in Fig. 4, where P are marked as rectangles and
NP are marked as triangles. Statistical performance of train-
ing set (644 compounds) in this model was (r = 0.730,
RMSE = 1.545) (see Fig. 4a) and prediction power of test
set (161 compounds) was (r = 0.460, RMSE = 1.794) (see
Fig. 4b).

First, additional modeling was done using only P results.
We eliminated all 384 NP compounds (non-carcinogens).
Then the rest 421 P compounds (carcinogens) were divided
into training (327) and test (95) sets. The performance of the
model was not improved; the correlation coefficient for test
set was r = 0.44.

Second, additional modeling was dedicated to dataset with
MW less than 380. In the statistical analysis of descrip-
tors, the MW is one of the most important descriptors. It is
speculated that large molecules behave differently in the
transport through the cell membranes and that they interact

Table 2 Statistical performance of quantitative CP ANN models using sets of 250, 86, and 27 MDL descriptors (network dimension 35 × 35 and
number of learning epochs 100)

Number of MDL descriptors Method used for the descriptors space reduction R_training RMSE_training R_test RMSE_test

250 – 0.74 1.51 0.47 1.78

86 Kohonen map 0.72 1.54 0.42 1.90

27 PCA 0.74 1.52 0.45 1.80

RMSE root mean square error, R correlation coefficient
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Fig. 4 Fitted line plot [predicted versus experimental log TD50
(mmol/kg-bw/day)] for model containing 27 MDL descriptors (dimen-
sion 40 × 40, 100 learning epochs) a-for training set (644 compounds)
(r = 0.730, RMSE = 1.545); b-for test set (161 compounds) (r = 0.460,
RMSE = 1.794). Positives (P) and not positives (NP) are marked as rect-
angles and triangles, respectively; r correlation coefficient, RMSE root
mean square error

differently with biomolecules. The PCA analysis was per-
formed on set of 805 compounds described with 86 MDL
descriptors where 39 compounds with the MW larger than
380 appeared as outliers outside the dotted lined square (see
Fig. 5).

These 39 compounds are also listed in Table 8SI. Correla-
tion coefficient for test sets for examined models using only
compounds with MW less than 380 did not exceed 0.5.

Summarizing the results of our study of quantitative mod-
els using CP ANN method, we would like to highlight that
we have got poor statistical performance of quantitative mod-
els. Even for the best models, the correlation coefficient of
test sets was less than 0.5. The low prediction power of the
obtained models is probably due to big variation of TD50

values which can considerably vary across the results of
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Fig. 5 Score plot of MDL descriptors for data set of 805 compounds

some standard experiments for certain chemical. To over-
come these circumstances we have chosen categorical model
for future modeling.

Qualitative CP ANN models development
and assessment

Qualitative models were developed for classification (cat-
egorization) of molecules. This approach aims at deriving
classifiers in terms of molecular descriptors to describe the
distribution of compounds over the respective classes. Often
classification method was employed if biological measure-
ments are not precise enough to present biological potency on
a continuous scale. In our study, a case with two classes [e.g.
biologically active (carcinogen) versus biologically inactive
compounds (non-carcinogens)] was considered. As it was
mentioned above, we transformed the tumorgenic dose TD50

into two categories: P or active (carcinogens) and NP or inac-
tive (non-carcinogens). Then categorical models were devel-
oped and optimized. The dataset of 805 chemicals divided
into training (644 chemicals) and test (161 chemicals) was
used in modeling as it was described above. Training set
examples with class were used for learning and test set exam-
ples with class value were used for evaluation. Twenty-seven
MDL descriptors previously selected were employed in the
modeling.

In order to optimize the computational parameters of CP
ANN, first, the dimension of network was examined over the
range 25 × 25 to 45 × 45 and number of learning epochs
from 100 to 1,800. The quality of the obtained models was
assessed using the validation (test) set. This way we have
found the optimal dimension of network equal to 35 × 35.
Second, we examined statistical performance of neural net-
work with dimension 35×35 being trained in the range from
100 to 1,800 epochs. The graphical representation of Acc for
training and test sets versus number of learning epochs is
shown in Fig. 6. Where the dotted lines indicate the loca-
tion of maximal Acc for test set 0.68 corresponding to 200
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Fig. 6 The accuracy of the training and test sets versus number of
learning epochs obtained for models containing 27 MDL descriptors.
The dimension of CP ANN network is 35 × 35. Acc accuracy. Dotted
lines indicate the location of maximal accuracy for test set correspond-
ing to 200 and 1,000 learning epochs, respectively

and 1,000 learning epochs, respectively. It should be high-
lighted that the training set has notably higher Acc for model
trained 1,000 epochs (equal to 0.92) than for one trained
200 epochs (equal to 0.88). Therefore, optimal model corre-
sponds to model with 1,000 learning epochs. Analyzing data
plotted in Fig. 6, we can conclude that categorical models
(containing 27 MDL descriptors) being trained from 100 to
1,600 learning epochs give Acc for training set from 0.79 to
0.94 and for test set in the range 0.61–0.68.

On the one hand, Acc shows how well a model classifies.
From another side, higher Acc does not necessarily imply
better performance on target task. It is important to know the
number of carcinogens and non-carcinogen predicted cor-
rectly. SE and SP are very important characteristics used in
categorical method for determination of TP and negative rate
of model. Therefore, the next part of study is dedicated to
relationships between Acc, SE, and SP and number of learn-
ing epochs. We considered here statistical performance of
validation (test) set and focused on prediction power of stud-
ied models. The Fig. 7 shows Acc, SE, and SP plotted versus
number of learning epochs obtained for test set. It is seen that
statistical performance of considered models can be modu-
lated by number of epochs. The lowest value of Acc (0.61)
corresponds to 1,200 epochs, while the highest one (0.68)
to 200 and 1,000 learning epochs, respectively. The highest
SE (0.75 and 0.78) was obtained in case of 800 and 1,800
learning epochs, respectively. It should be noted that models
with highest sensitivities (0.75 and 0.78) exhibit the lowest
values of Acc (0.63 and 0.66) and SP (0.56 and 0.58). The

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0 200 400 600 800 1000 1200 1400 1600 1800

Number of learning epochs

A
cc

u
ra

cy
, S

E
 a

n
d

 S
P

Acc_test

SE_test

SP_test

SE=0.75
SP=0.56
Acc=0.63

SE=0.78
SP=0.58
Acc=0.66

SE=0.71
SP=0.65
Acc=0.68

Optimal model

Fig. 7 The accuracy, sensitivity, and specificity versus number of
learning epochs obtained for the test set. Acc Accuracy, SE Sensitivity,
SP specificity. Dotted line indicates model with the maximal accuracy
(0.68) of test set and corresponding SE (0.71) and SP (0.65) in case of
optimal model and stroked lines indicate 2 models with maximal sen-
sitivity (SE) equal to 0.75 and 0.78 and corresponding Acc (0.63 and
0.66) and specificity (SP) (0.56 and 0.58), respectively

optimal model was set at 1,000 epochs showing the SE, SP,
and Acc at 0.74, 0.65 and 0.68, respectively.

Summary statistical characterization of optimal model
(35×35, 1,000 epochs) for total, training, and test sets is pre-
sented in Table 3. Acc (% of compounds with correct model
prediction) for internal (training set) is equal to 92.2%, while
for external (test) set is 68.3% and for total set is 87.5. SP
values for pointed sets are equal to 98.9, 65.2, 92.0 and SE
87.5, 70.7, 84.2%, respectively.

Confusion matrices were composed for the training (see
Table 4a) and test (see Table 4b) sets. Of the 644 training
compounds, 265 are classified as TN, 329 are classified as
TP and only three are classified as FN and 47 as FP. As for test
set we have got the following distribution of correct and not
correct predicted chemicals: of the 161 test compounds, 45
are classified as TN, 65 are classified as TP, 24 are classified
as FN and 27 as FP.

As described in the section “Methods”, the prediction of
classification model is given as two-dimensional vector of
real numbers. The numbers express the affiliation of com-
pound to a particular class. A crucial question in evaluation
of predicted results is the threshold value above which a com-
pound is classified as positive and below as negative. The
threshold determines the Acc, SP, and SE of model, how-
ever, higher SP means lower SE, and vice versa. Figure 8
shows the dependence of three parameters (SE, SP, and Acc)

Table 3 Summary statistical
performance of optimal model
for total (805), training (644),
and test (161) sets

Data sets Specificity (%) Sensitivity (%) Accuracy (%)

Training set (644 compounds) 98.9 87.5 92.2

Test set (161 compounds) 65.2 70.7 68.3

Total set (805 compounds) 92.0 84.2 87.5
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Table 4 Confusion matrix obtained for the training set of 644 chemi-
cals (a) and for the test set of 161 chemicals (b)

Predicted class

NP P

a

Observed class

NP TN FP

312 chemicals 265 47

P FN TP

332 chemicals 3 329

b

Observed class

NP TN FP

72 chemicals 45 27

P FN TP

89 chemicals 24 65

NP not positive, P positive, TN True Negative, FP False Positive, FN
False Negative, TP True Positive

versus threshold for test set of 161 chemicals. From reg-
ulatory point of view Acc prediction of carcinogens (SE)
is more important for human health safety than prediction
Acc of non-carcinogens (SP). Depending on requirements
for models used for regulatory decision support and their
application we are able to create models capable to pre-
dict carcinogens rather than non-carcinogens and vice versa.
Figure 8 demonstrates how Acc, SE and SP vary depending
on threshold of categorical model for test set of 161 chemi-
cals. Changing of threshold leads to revision of SE and SP.
The highest Acc (0.68) corresponds to threshold 0.45. SE and
SP in this point are equal to 0.71 and 0.65, respectively. This
data addressed to optimal model which was described above
and also shown in previous Figs. 6 and 7 from another point
of view. Maximal sensitivity (Max_SE = 0.91) corresponds
to SP (0.15), Acc (0.57), and threshold equal to 0.05 (Fig. 8).

Referring to Fig. 8, we can see that changing the threshold
from 0 for 1 leads consequently to reducing SE and increasing
SP. Thus, we can increase the number of correctly predicted
carcinogens or non-carcinogens. Selection of proper model
is the matter of making decision.

Moreover, the validation set of 931 compounds was com-
posed by CAESAR project partner (Istituto di Ricerche
Farmacologiche “Mario Negri” (IRFMN), Milano, Italy)
and implemented for our optimal model. As a result, we have
got for validation set the following statistical performance:
Acc 0.66, SE 0.61, and SP 0.69. We have also performed
leave 20% out procedure. As a result, we have obtained the
predictive power of model equal to 66%.

Another presentation of quality of model, which consid-
ers SE and SP, is Receiver Operating Characteristic (ROC)
curve. In ideal case, the area under the curve is equal to 1.
We have applied Receiving Operation Characteristics (ROC)
curve to show the threshold (cut-off or trade-off) that exists
between performance on positive and negative cases. The
ROC curves are plotted for training (644 chemicals) and test
(161 chemicals) sets and are shown in Fig. 9.

A measure of model performance is provided by the area
under the ROC curve. For training and test sets, we have got
an area of 0.988 and 0.699, respectively, which is promising
initial result in modeling carcinogenicity. Using categorical
yes/no response, we managed to escape some noises and vari-
ations that presented in continuous parameter of tumorgenic
dose TD50 and to build reliable model for database contained
noncongeneric chemicals.

Conclusions

The main goal of our study was to develop QSAR models
applying the CP ANN technique, which can be used for reg-
ulatory purposes. The models were built on a dataset of 805
non-congeneric organic compounds, which were described

Fig. 8 The threshold value
obtained for test set (161
chemicals). Dotted lines pointed
to the threshold values 0.05 and
0.45 correspond to models with
highest sensitivity (SE = 0.91)
and highest accuracy
(Max_Acc = 0.68), respectively.
Acc accuracy, SE sensitivity,
SP specificity
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Fig. 9 Receiver operating characteristic (ROC) curve for the optimal
model. The area under the curve is 0.988 and 0.699 in the training and
test sets, respectively

with physico chemical and wholistic structural descriptors.
The 27 MDL descriptors for the final models were selected
in an independent procedure with implementation of KANN
and PCA methods. In the first part, we examined the quanti-
tative models where the carcinogenic potency was expressed
as logarithm of tumorgenic dose. The models show poor pre-
diction abilities even though the data set was reduced to only
positive compounds or to compounds with MW lower than
380. More speculative conclusions can be done. Indeed, the
tumorgenic dose is associated with the diversity of mecha-
nism and mode of action.

Furthermore, the dose is measured with in vivo assays,
which probably contains a large variation in the measured
values. As for categorical models, based on YES/NO re-
sponse, satisfactory prediction results were obtained. The
CP ANN classification models developed in this study are in
accordance with current expectations for carcinogenic pre-
dictions with QSAR approach.
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