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Abstract
CORAL (http://www.insilico.eu/CORAL) has been used to build up QSAR models for prediction of cytotoxicity of metal oxide 
nanoparticles to bacteria Escherichia coli (pEC50). Six random splits into the training and test set were examined. 
It has shown that the CORAL is a satisfactory tool to build up a QSAR of the pEC50.

andrey.toropov@marionegri.it

Method
Data
The numerical data on cytotoxicity of metal oxide nanoparticles (n=17) to bacteria Escherichia coli  ( pEC50)  have been taken in the literature [1]. Six random splits into 
the training and test sets were examined. 

Optimal descriptors
The SMILES-based optimal descriptors [2-5] have been calculated as the following:

where 1Sk, 
2Sk, and 3Sk are one-, two-, and three-elements SMILES attributes; E is the total number of SMILES elements for a given molecular structure; W( 1Sk), W(2Sk), and 

W(3Sk) are the correlation weights of the attributes.   The SMILES element comprises one or two symbols which should be examined as one (e.g., ‘Cl’, ‘Br’, etc.). 
The threshold is a value used to classify attributes as either rare or active. For instance, if the threshold is 5, then attributes found in four (or fewer) SMILES structures of 
the training set should be classified as rare. The correlation weights of rare attributes are blocked with their values fixed at zero. E is the number of 1Sk,. Better prediction 

for all random splits takes place if T=2.
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TABLE 1 shows pEC50 values and 
SMILES representing the molecular 
structure of the metal oxides.
TABLE 2 contains the statistical       
characteristics of the pEC50 models 
for six random splits.
Figure 1 shows best models for each 
split graphically. 
There is significant difference of 
the predictability for these models    
(TABLE 1), but all models can be           
estimated as satisfactory.

Conclusions
CORAL is a satisfactory tool for QSAR modelling of the pEC50 of the metal oxide          
nanoparticles cytotoxicity to bacteria Escherichia coli.
It provides results similar to those we published on Nature Nanotechnology [1]. 

Using nano-QSAR to predict the cytotoxicity of
metal oxide nanoparticles
Tomasz Puzyn1,2, Bakhtiyor Rasulev1, Agnieszka Gajewicz1,2, Xiaoke Hu3, Thabitha P. Dasari3,

Andrea Michalkova1, Huey-Min Hwang3, Andrey Toropov4, Danuta Leszczynska5

and Jerzy Leszczynski1*

It is expected that the number and variety of engineered nano-
particles will increase rapidly over the next few years1, and
there is a need for new methods to quickly test the potential
toxicity of these materials2. Because experimental evaluation
of the safety of chemicals is expensive and time-consuming,
computational methods have been found to be efficient alterna-
tives for predicting the potential toxicity and environmental
impact of new nanomaterials before mass production. Here,
we show that the quantitative structure–activity relationship
(QSAR) method commonly used to predict the physicochemical
properties of chemical compounds can be applied to predict the
toxicity of various metal oxides. Based on experimental testing,
we have developed a model to describe the cytotoxicity of 17
different types of metal oxide nanoparticles to bacteria
Escherichia coli. The model reliably predicts the toxicity of all
considered compounds, and the methodology is expected to
provide guidance for the future design of safe nanomaterials.

Metal oxides are an important group of engineered nanoparticles,
because they are widely used in cosmetics and sunscreens, self-
cleaning coatings and textiles. Other applications include their use
as water-treatment agents and as materials for solar batteries and
more recent automobile catalytic converters2. However, it has
been shown recently that nanosized particles of these oxides (but
not their macro or micro counterparts) are toxic to some organ-
isms3. It is therefore possible that sunscreens that contain these par-
ticles may be more hazardous than the UV radiation they protect
against, and that the use of some solar batteries may have a
higher environmental risk than carbon dioxide emission from con-
ventional energy sources. Developing rapid methods for predicting
the toxic behaviour and environmental impact of these nanoparticles
is therefore important and timely.

According to the QSAR paradigm, if the molecular parameters
(known as molecular descriptors) have been calculated for a group
of compounds, but experimental data on the activity of those com-
pounds are available for only part of the group, it is possible to interp-
olate the unknown activity of the other compounds from the
molecular descriptors using a suitable mathematical model.
Depending on the type of experimental data, QSAR can predict the
physical and chemical properties or a vast range of activities and
toxic influences of new compounds2. Previously, we have developed
QSAR for use with nanomaterials (nano-QSAR) to predict their solu-
bility4, n-octanol/water partition coefficient4 and Young’s modulus5.
Here, we apply nano-QSAR to predict the toxicity of nanoparticles.
We have developed and validated a model to describe the relationship

between the structures of 17 metal oxides and their cytotoxicity to
E. coli cells. Based on this model and experimental data6, we have
hypothesized the most probable mechanism for the cytotoxicity of
these nanoparticles. We investigated this cytotoxicity in bacteria,
because although they are single-celled organisms, they can be used
to evaluate the cytotoxicity of higher organisms. Indeed, because of
theirmetabolic versatility, bacteria are considered an excellent ecologi-
cal indicator for evaluating the persistence and impact of xenobiotic
chemicals on environmental health and ultimately human health6.
Furthermore, differences in the activity of individual oxides can be
useful in dental applications, where they are used as antibacterial
agents. Also, because bacteria, as decomposers, play an important
role in natural ecosystems, the uncontrolled emission of highly bac-
teriotoxic substances may disrupt the natural balance and create
unpredictable effects in the environment7.

The nano-QSARmodel was based on experimental data gathered
in our laboratory for 17 metal oxide nanoparticles. The number of
compounds, from the QSAR viewpoint, is small, but it allows the
construction of a predictive model. Examples of classic QSAR
studies successfully performed based on even smaller sets of com-
pounds have been published elsewhere8.

Based on the toxicity data and structural descriptors, we devel-
oped a simple but statistically significant (F¼ 45.4, P¼ 0.0001)
nano-QSAR equation, using only one descriptor to successfully
predict the cytotoxicity (denoted EC50—the effective concentration
of a compound that brings about a 50% reduction in bacteria via-
bility) of the metal oxide nanoparticles:

log(1/EC50) = 2.59− 0.50 · DHMe+ (1)

The descriptor DHMeþ represents the enthalpy of formation of a
gaseous cation having the same oxidation state as that in the
metal oxide structure:

Me(s) � Men+(g) + n · �eDHMe+ (2)

A complete list of the calculated molecular descriptors and details
on the QSAR modelling procedure, including splitting for a training
and validation set, data pre-processing, the method of modelling,
internal validation, measuring goodness-of-fit and robustness,
external validation of predictive ability and applicability domain,
are described in Supplementary Sections 2.4–2.6.

Table 1 presents experimental and predicted data related to the
toxicity of the studied nanomaterials in terms of EC50. The predicted
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