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Abstract

Screening compounds for potential carcinogenicity is of major importance for prevention of environmentally
induced cancers. A large sequence of alternative predictive models, ranging from short-term biological
assays (e.g. mutagenicity tests) to theoretical models, have been attempted in this field. Theoretical
approaches such as (Q)SAR are highly desirable for identifying carcinogens, since they actively promote
the replacement, reduction, and refinement of animal tests. This chapter reports and describes some of the
most noted (Q)SAR models based on the human expert knowledge and statistically approach, aiming at
predicting the carcinogenicity of chemicals. Additionally, the performance of the selected models has been
evaluated and the results are interpreted in details by applying these prediction models to some pharma-
ceutical molecules.
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1 Introduction

The study of the chemical carcinogenesis mechanisms and deter-
mining the safety of the existing and the new chemicals are of
increasing importance and necessity to protect human health.
From the point of view of mechanism of action, the carcinogens
are classified into: (a) genotoxic carcinogens, which cause damage
to DNA—many known mutagens are in this category, and often
mutation is one of the first steps in the development of cancer [1];
and (b) epigenetic or non-genotoxic carcinogens that do not bind
covalently to DNA, do not directly cause DNA damage, and are
usually negative in the standard mutagenicity assays [2]. The uni-
fying feature of all genotoxic carcinogens is that they are either
electrophiles or can be activated to electrophilic reactive interme-
diates. This fact has been originally proposed by the Miller’s [ 3, 4].
On the contrary, non-genotoxic carcinogens act through a large
variety of different and specific mechanisms.
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The mechanisms of action and the metabolic fate of a large
number of carcinogens have been already investigated. These
studies shed light on the structural features that were frequently
present in carcinogenic compounds. Several chemical functional
groups and structural alerts (SAs) were identified by researchers
through analysis of the results of experimental (veterinary labora-
tory) carcinogenicity tests. These compounds were mainly geno-
toxic carcinogens as supported by the specific results from tests
for genotoxicity (Ames test [5], Micronucleus assay [6], etc.).
Diversely, the recognition of SAs for non-genotoxic carcinogens is
far behind, because no unifying theory provides scientific support.
A number of SAs and characteristics of several types of non-geno-
toxic carcinogens have been summarized by Woo et al. [2] (see
Notes 1 and 2).

The long-term carcinogenesis bioassays using animal testing
methods have played a central role in assessment of chemical’s car-
cinogenicity, however, for ethical and practical reasons their use is
dramatically declining, and the genotoxicity short-term tests have
taken the pivotal role in the pre-screening of carcinogenicity. The
need to reduce animal testing, time, and cost in the process of
assessment of carcinogenicity of chemicals had lead to an increased
use of in silico methods as toxicological risk assessment tools.
Among the in silico methods, the use of (Q)SAR models is sup-
ported by several legislative authorities (REACH [7]) upon fulfill-
ment of the required characteristics of a (Q)SAR model according
to the indications reported by different legislations. This goes hand
in hand with the progress made in the field of the computational
predictive models to date.

(Q)SARs are often incorporated into expert systems. An
expert system is any formalized system that is mostly computer-
based, and that can be used to make predictions based on prior
information [8].

There are many (Q)SAR models published in the literature for
predicting genotoxicity and carcinogenicity. The most commonly
modeled endpoint for genotoxicity is the Ames test mutagenicity.
The application of the Ames test to large numbers of chemicals has
shown that this test has a high predictivity for chemical carcino-
gens (around 80 %) [9]. Most models are classifiers that predict a
chemical compound as genotoxic (and thus carcinogenic) or not.
Since the recognition of non-genotoxic carcinogenicity SAs is not
extended compared to genotoxic SAs, few models are available for
identifying non-genotoxic carcinogens [10]. While the SAs for
genotoxic carcinogens have been identified to a high extent and
used widely within predictive models for genotoxicity, the SAs for
identifying non-genotoxic carcinogens are still a concern for the
investigators. Benigni et al. (Toxtree 2.6.0) have recently enhanced
the set of non-genotoxic SAs that captures carcinogens [9]. This
list can provide a considerable insight to the possible variety of
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mechanism of actions underlying the non-genotoxic carcinogenicity.
Hence, the approaches for (Q)SAR analysis and identification of
SAs for non-genotoxic carcinogens differ accordingly to their spe-
cific mechanism of action of these chemicals (interaction with pro-
teins, DNA replication enzymes, etc.) (se¢ Note 1). A number of
SAs and characteristics of several types of non-genotoxic carcino-
gens have been summarized and discussed by Woo et al. [2].

However, statistical-based models will provide predictions that
are based on the knowledge acquired from the training set that had
been used to develop the model. In fact, these models are suitable
in predicting both genotoxic and non-genotoxic carcinogens. For
unknown non-genotoxic SAs, the statistical-based models can fill
the information gap. In other words, these models may provide
insight into the recognition of the missing information in the SAs
list developed by human experts by investigation through experi-
mental results mostly based on the Ames test.

In the context of prediction of carcinogenicity by (Q)SAR
models, it is essential to integrate results from both expert systems
and statistical-based models. This approach will considerably
improve the prediction performance of (Q)SARs.

There are several commercial and non-commercial expert sys-
tems for predicting genotoxicity and carcinogenicity [11, 12].
Freely available models include VEGA-CAESAR [13], SARpy [14],
Toxtree [15], OncoLogic [16], OECDE Toolbox [17], and lazar
[18]. Alternately, MultiCASE [19], TOPKAT [20], HazardExpert
[21], and DEREK [22, 23] are some of the most common com-
mercial expert system.

Expert systems are based on three main modeling approaches
which are rule-based, statistical-based, or hybrid methods [24].
Rule-based methods codify the human rules which identify certain
potential molecular fragments responsible for carcinogenicity.
Statistical models extract the information from a set of chemicals
by using data mining methods [25].

Rule-based systems combine toxicological knowledge, expert
judgment, and fuzzy logic. OncolLogic, DEREK, HazardExpert as
well as implemented modules in Toxtree and the OECD Toolbox
are rule-based systems.

Statistical-based systems use a variety of statistical, rule-
induction, artificial intelligence, and pattern recognition tech-
niques to build models from different databases used as training
sets. For example, MultiCASE and TOPKAT are commercial sta-
tistical-based models while lazar and VEGA-CAESAR are statisti-
cal-based and publicly available. Additionally, most of the models
published in the literature but not implemented are statistical-
based (se¢ Note 2).

A description of some of the most common non-commercial
(Q)SAR models is provided below. Three case studies are given in
this chapter to illustrate the use and the performance of a number
of these models.
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2 (QSAR Models for Carcinogenicity

2.1 VEGA-CAESAR
(Version 1.1.0)

2.2 Toxtree
(Version 2.6.0)

2.3 SARpy
(Version 1.0)

CAESAR is a model implemented in the VEGA platform [26].
This model uses a statistical-based approach to generate categorical
carcinogenicity models. CAESAR is based on the counter-propa-
gation artificial neural network (CP ANN) algorithm. Artificial
neural networks (ANNs) as a statistical approach appear to be suit-
able and promising for prediction of carcinogenicity for dissimilar
data sets of chemicals. One of the main advantages of ANNSs is that
non-linear relationships can be modeled without any assumptions
about the form of the model.

Toxtree is a standalone expert rule-based SAR program. This appli-
cation is a classifier that places chemicals into categories and pre-
dicts various kinds of toxic effect by applying decision tree
approaches, including the Begnini-Bossa rule-base for mutagenic-
ity and carcinogenicity [27]. The Toxtree module applies human
expert rules developed by Begnini and Bossa to identify SAs for
mutagenicity and carcinogenicity that may be present in a chemical
structure. Carcinogenic SAs are functional groups or substructures
that are mechanistically and/or statistically associated with the
induction of cancer. Begnini-Bossa SAs for the prediction of muta-
genicity and carcinogenicity are highly correlated with Ames muta-
genicity. The Begnini-Bossa system contains a list of SAs for the
evaluation of carcinogenicity. Structural features represented in the
system are easy to understand and interpretable since they have a
mechanistic foundation. Toxtree offers additional QSAR models
for aromatic amines and alpha, beta-unsaturated aldehydes. The
Toxtree output contains “structural alert for genotoxic carcinoge-
nicity” that shows the presence or absence of a SA for Salmonella
mutagenicity, and “structural alert for non-genotoxic carcinoge-
nicity” that indicates the presence or absence of a non-genotoxic
(epigenetic) SA.

SARpy is a desktop software based on a statistical modeling
approach. Through a data mining method, SARpy extracts rele-
vant fragments (molecular substructures) from the analysis of the
correlation between the structure, written with simplified molecu-
lar input line entry system (SMILES) format, and the endpoint.
Using SARpy, and a data set of chemicals with valid experimental
results (binary categorical data), users can develop new classifica-
tion models. SARpy is able to extract both “ACTIVE” (e.g. carci-
nogenic) and “INACTIVE” (e.g. non-carcinogenic) fragments
from chemical structures. In order to discover new carcinogenic
SA, we combined three different carcinogenesis databases as a
training set and by the aid of SARpy, developed a new carcinoge-
nicity model which consists of a rule set or a collection of SMARTS
with their likelihood ratio values in the mentioned training set.
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The data gathered for the development of this new rule set are
carcinogenicity data collections based on studies on different spe-
cies. In particular, the data in the training set are a combination of:
(1) the carcinogenicity data set (rat) of the EU-funded ANTARES
project [28]; (2) the long-term carcinogenicity bioassay on rodents
(rat and mouse) ISSCAN data set [29]; and (3) the carcinogenicity
(rat and mouse) data set provided by Kirkland et al. [30]. The data
set (1680 chemicals together with their carcinogenicity data) built
as described above was used as the training set for the extraction of
rules. SARpy extracted more than 100 rules from which by apply-
ing a human expert judgment we selected 130 rules. The human
expert selection aimed to delete the alerts that produced a high
number of false negative or false positive predictions. The perfor-
mance of this model, as tested on the test set obtained from
eChemPortal inventory (258 compounds), was as follows: accu-
racy=0.67, sensitivity = 0.62, specificity =0.70.

OncoLogic™ [31] is a desktop computer program released by the
U.S. Environmental Protection Agency (EPA) [32] that evaluates
the likelihood that a chemical may cause cancer. OncoLogic™ pre-
dicts cancer-causing potential by: applying the rules of structure—
activity relationship (SAR) analysis, mimicking the decision logic
of human experts, and incorporating knowledge of how chemicals
cause cancer in animals and humans. This version of the software
has a new CAS/name look-up feature under the “Organics SAR”
module for approximately 1500 chemicals for which available can-
cer data can be used directly to create a chemical report. This
removes the need to draw the chemical structure for these sub-
stances as was necessary in the previous versions of the software.

Lazy structure—activity relationships (lazar) [18] is a standalone
program with k-nearest-neighbor approach which can predict
chemical endpoints from a training set based on structural frag-
ments. It uses a SMILES file and precomputed fragments with
occurrences as well as target class information for each compound
as training input. It also features regression, in which case the tar-
get activities consist of continuous values. Lazar uses activity-spe-
cific similarity (i.e. each fragment contributes with its significance
for the target activity) that is the basis for predictions and confi-
dence index for every single prediction.

3 Case Studies

3.1 Case Study 1

An example of Toxtree (v.2.6.0) carcinogenicity prediction.

As it is explained in the Toxtree user manual [33] for esti-
mating carcinogenicity with Toxtree, the following steps should
be taken: After launching Toxtree in Windows™ platform, first,
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3.2 Case Study 2

the chemical structures for analysis may be submitted by inserting
directly the SMILES, or by using an interactive 2D graphical edi-
tor, or in a batch mode by using CSV, TXT, or SDF file formats.
Second, among the list of decision tree modules the user may select
“carcinogenicity (genotox and non-genotox) and mutagenicity
rule-base by ISS” [27] option from the Method menu. Finally, in
order to apply the active decision tree on the current compound,
the Estimate button should be pressed. If one or more genotoxic
or non-genotoxic SA are found in the molecular structure, the
name and the identification number of that SA are indicated in
the graphical user interface, and the chemical is predicted as car-
cinogen. Otherwise, the prediction result will be non-carcinogen.
Figure 1 shows an example of classification result visualization.
Captafol is an antibacterial drug and fungicide and is catego-
rized as a carcinogen in the Carcinogenic Potency Database
(CPDB) [34]. Toxtree v. 2.6.0 finds a SA for genotoxic carcinoge-
nicity (QSA8_gen.Aliphatic halogens) and a SA for non-genotoxic
carcinogenicity (QSA50_nogen.dicarboximid) in this chemical
structure. By clicking on the name of these two SAs, they become
highlighted and the user can see their position in the chemical
structure (Fig. 2). The classification results can be saved as a file
(CSV, SDEF, or TXT format), together with the list of applied SAs.

2-Amino-5-nitrothiazole or aminonitrothiazole is an antiprotozoal
drug. Antiprotozoal agent is a class of pharmaceuticals used in the
treatment of protozoan infection. Figure 3 shows the chemical
structure and Table 1 shows the carcinogenicity test summary report
as published by the CPDB [34]. Based on the experimental results
of TDs, on rat species, this chemical is considered as a carcinogen.

VEGA-CAESAR (v. 1.1.0), lazar, Toxtree (v. 2.6.0), and the
SARpy (v. 1.0) model predicted this chemical correctly as car-
cinogen. Figure 4 shows two genotoxic SAs found in the chemical
structure of 2-amino-5-nitrothiazole: “SA_27: Nitro-aromatic”
and “SA_28: primary aromatic amine, hydroxyl amine and its
derived esters”. VEGA-CAESAR returned applicability domain
(AD) index of 0.5 for the prediction of this drug, and the expla-
nation is “the predicted compound is outside the AD of the
model.” The “measured activity” of lazar given in the output is
“Experimental result(s) from the training data set,” so the chemi-
cal is inside the AD of the program. Toxtree and SARpy do not
report any AD index in their predictions.

Performing prediction with the model constructed by means
of SARpy for this chemical, an additional fragment is recognized
as responsible for the carcinogenicity property. Figure 5 shows
the SA found by this model. Overall, based on these multiple
predictions, we can see that there is agreement, even though each
model has a different level of reliability.

As a conclusion, all evidences point toward a carcinogenic effect.
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Fig. 1 Toxtree v. 2.6.0 mutagenicity and carcinogenicity prediction for Captafol

3.3 Case Study 3

Bemitradine is an antihypertensive, vasodilator agent, and a
diuretic. Figure 6 shows the chemical structure and Table 2 shows
the carcinogenicity test summary report as published by the
CPDB. Based on the experimental results of TDs5, on rat species,
this chemical is considered as carcinogen.

Toxtree (v. 2.6.0) and SARpy (v. 1.0) model predicted this
chemical correctly as carcinogen; conversely, VEGA-CAESAR
(v. 1.1.0) and lazar prediction for this chemical was non-carcin-
ogen. Figure 7 shows the genotoxic SA found in the chemical
structure, whereas the model constructed by means of SARpy
matched another fragment to the molecular structure as respon-
sible for the carcinogenicity property. Figure 8 shows the SA
found by the SARpy model. Toxtree and SARpy do not have any
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Structure diagram Structure diagram

Fig. 2 Genotoxic and non-genotoxic structure alerts found by Toxtree 2.6.0 for Captafol; (a) QSA8_gen.Aliphatic
halogens; (b) QSA50_nogen.dicarboximid are highlighted in the molecular structure

Fig. 3 2-Amino-5-nitrothiazole, with CAS number: 121-66-4 and SMILES:
0=[N+](J0-])c1cnc(N)s1

Table 1

Gancer test summary reported in the GPDB for 2-amino-5-nitrothiazole
Rat target sites Mouse target sites TD50 (mg/kg/day)
Male Female Male Female Rat Mouse

No positive kid lun mgl* No positive No positive 44.6 No positive

*kid kidney, lun lung, mgl mammary gland

AD index along with their prediction results. The AD index of
VEGA-CAESAR for this chemical is equal to zero and in the
prediction output file it is reported that the predicted compound
is outside the AD of the model. The lazar confidence index for its
prediction is 0.02.
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Fig. 4 Genotoxic structure alerts found by Toxtree in the molecular structure of
2-amino-5-nitrothiazole; SA_27: Nitro-aromatic is shown on the /eft side, while

SA_28: primary aromatic amine, hydroxyl amine and its derived esters is shown
on the right, where Ar stands for any aromatic/heteroaromatic ring and R stands

for any atom/group
\ /w

S

Fig. 5 Carcinogenicity structure alert found by the SARpy model for which the
chemical is predicted as carcinogen

Fig. 6 Bemitradine chemical structure with CAS number: 88133-11-3 and
SMILES: n2cnn3c(nc(c1ccecc1)c(c23)CCOCC)N

Table 2

Cancer test summary reported in the CPDB for Bemitradine
Rat target sites Mouse target sites TD50 (mg/kg/day)
Male Female Male Female Rat Mouse
liv liv mgl® No test No test 548 m No test

aliv liver, mgl mammary gland
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3.4 Case Study 4

Ar

Fig. 7 QSA28_gen. Primary aromatic amine, hydroxyl amine, and its derived
structure alert found by Toxtree in the molecular structure of Bemitradine

@

N N
T
Fig. 8 Carcinogenicity structure alert found by the SARpy model for which the
chemical is predicted as carcinogen

Toxtree (v. 2.6.0) prediction for this chemical was: “Negative
for non-genotoxic carcinogenicity and positive for genotoxic carci-
nogenicity.” The SA recognized by Toxtree in the molecular struc-
ture is “QSA28_gen. Primary aromatic amine, hydroxyl amine and
its derived esters (with restrictions).”

However, there are two restrictions to this rule. In fact, if the
following conditions are true then the compound is predicted as
non-carcinogen:

e Chemicals with ortho-disubstitution, or with an ortho carbox-
ylic acid substituent are excluded.

e Chemicals with a sulfonic acid group (-SO3;H) on the same
ring of the amino group are excluded.

and in this case study, none of them are applied.

Opverall, on the basis of the results of the different models and
the low confidence value of lazar and the fact that it is out of AD
of VEGA-CAESAR, of course one cannot exclude the possible car-
cinogenic effect. On the contrary, there are elements to support
the toxic effect which cannot be ruled out by the presence of some
results going in the opposite direction. Thus, the overall assess-
ment should go for carcinogenicity, but with a higher uncertainty,
compared to the results for the case study 1.

Amobarbital (formerly known as amylobarbitone or sodium
amytal) is a drug that is a barbiturate derivative (see Fig. 9). It has
sedative-hypnotic properties. On the basis of CPDB it is classified as
a non-carcinogen (see Table 3). Toxtree (v. 2.6.0), lazar, VEGA-
CAESAR (v. 1.1.0), and the SARpy (v. 1.0) model predicted this
molecular structure correctly (i.e. non-carcinogen) as confirmed by
the experimental result. In addition, the VEGA-CAESAR predic-
tion result has a reliability feature that for this compound: “the
predicted compound is into the Applicability Domain of the model.”



In Silico Methods for Carcinogenicity Assessment 117

CHg

HaC

CH3

HN NH

(0]

Fig. 9 Amobarbital with CAS number: 57-43-2 and SMILES: CCC1(CCC(C)C)C(=0)
NC(=0)NC1=0

Table 3

Cancer test summary reported in the CPDB for Amobarbital
Rat target sites Mouse target sites TD50 (mg/kg/day)
Male Female Male Female Rat Mouse

No positive  No test Notest No test No positive No test

In fact, the model has the experimental value of this compound.
The AD index of this chemical in the VEGA-CAESAR prediction is
equal to 1 (see Note 3). The lazar reported this chemical as an
already existing chemical inside its training set, so we consider it
inside its AD. As it is mentioned above, Toxtree and SARpy do not
have any AD index along with their prediction results.

As a conclusion, all the prediction results of the above-
mentioned models indicate the non-carcinogenic effect of the
compound, which are concordant with the experimental value.

4 Notes

1. The different sources of the data used within the different
models should always be considered. The CAESAR model is
closely related to the rat carcinogenicity, while other models
tend to balance results from different studies. There may be
differences between the carcinogenicity in animals and in
humans [32].

2. It should be noted that the data available for building carcino-
genicity models derive studies which identified in several cases
effects on different organs (i.e. test for hepatocarcinogenicity,
polmonarcarcinogenicity). Therefore, building organ-specific



118

Azadi Golbamaki and Emilio Benfenati

carcinogenicity may be the best approach in order to obtain
models with higher prediction performance. Nevertheless, the
number of experimental results on organ-specific carcinogenic-
ity is at the time limited making them inadequate for building
a (Q)SAR model with high performance.

3. VEGA provides the experimental result of the target com-
pound, if available. The experimental value prevails on the pre-
dicted one, and thus the AD index is 1. The predicted value of
the target compound is also given in the summary page.
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