
Introduction

Nanoparticles

Nanoparticles (NPs) are defined as “a sub-classifi-
cation of ultrafine particles with lengths in two or
three dimensions greater than 0.001 micrometer (1
nanometer) and smaller than about 0.1 microme-
ter (100 nanometers)” (1). Thus, nanomaterials
have structural features in between those of atoms
and bulk materials. To modify, or optimise, surface
properties (i.e. stability in solution, reactivity,
selectivity), it is usual to coat NPs with atoms, mol-
ecules, or particles. NPs are becoming considerably
more-widely used for a variety of purposes, such as
in cosmetics, sunscreens and food packaging. As a
consequence, there is an increase in the exposure
of living beings to NPs. 

Shevchenko et al. (2) stated that “an ensemble of
nanoparticles is a strongly nonequilibrium nonlin-
ear multivariant system. There are no grounds to
believe that, in the course of the evolution, this
ensemble should tend to homogenisation rather
than to a new hierarchic order according to the
self-organisation principle. This suggests that the
structural inhomogeneity is a fundamental prop-
erty of the nanostate”. In other words, a system of

NPs is constantly evolving. Therefore, it is uncer-
tain whether an observed effect is due to the parti-
cle itself or to its evolution (i.e. the formation of
agglomerates or aggregates). Moreover, NPs have
a high structural diversity to begin with — nine
categories have been described, including different
shapes, and diversity among coatings and surface
modifications (3). NPs are functionally diverse,
because many features affect their activity,
namely, size distribution, agglomeration state,
shape, porosity, surface area, chemical composi-
tion, structure-dependent electronic configuration,
surface chemistry, surface charge, and crystal
structure (4). These features, which are highly
diverse and constantly evolving, serve to influence
the activity of NPs and thus make accurate meas-
urements both costly and challenging. Quant -
itative Structure–Activity Relationship (QSAR)
approaches can be used to lower costs and double-
check measurements. 

Quantitative Structure–Activity
Relationships

Quantitative Structure–Activity Relationship
(QSAR) approaches apply informatics possibilities
to the Structure–Activity Relationship (SAR)
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assumption, which states that there is a correla-
tion between the structure of a molecule and its
activity. 

A database of molecules, which includes a tar-
geted activity or property, is used. Structure and
activity cannot be linked directly, so one first has
to represent the molecule. The different types of
molecular representation (for example, Lewis,
Cram) are partial reflections of the chemical real-
ity. One representation does not provide informa-
tion about the whole chemical reality of a molecule,
and biased representations lead to a false SAR (e.g.
the activity would be linked to structural features
that were not related). Therefore, different repre-
sentations of the structural information have to be
tested.

Then, a link between representations and com-
putations has to be made, and it was in this con-
text that chemometricians developed so-called
‘descriptors’. According to Todeschini and Con -
sonni (5): “A molecular descriptor is the final result
of a logic and mathematical procedure which
transforms chemical information encoded within a
symbolic representation of a molecule into a useful
number or the result of some standardised experi-
ment.” Descriptors are numbers, and the represen-
tation of a molecule is described by a vector of
descriptors. All those vectors are merged into a
matrix of descriptors, which is the description of
the initial molecular data set.

Subsequently, data mining algorithms are used
on the descriptor matrix, in order to extract latent
knowledge to build prediction models. Some exam-
ples of machine learning algorithms are Artificial
Neural Networks (ANN; 6, 7), Support Vector
Machines (SVM; 8), Partial Least Squares (PLS; 9,
10) and Multi Linear Regression (MLR; 11). 

To analyse a model’s accuracy, statistical param-
eters are calculated. Usually the coefficient of
determination (called r2 or q2) is calculated for this
purpose (12), as well as the Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE; see
Equations 1–3). Determination coefficients are a
measure of the correlation between the prediction
that is made and the perfect prediction (where pre-
diction = measurement). The MAE and RMSE pro-
vide information about the average error of
predictions, with the difference that RMSE is more
sensitive to outliers. 

— Coefficient of determination (q2 )  

— Mean Absolute Error (MAE) 

— Root Mean Squared Error (RMSE) 

Experimental data contain noise (13). Learning
from noise is called over-fitting (14) and decreases
the model’s accuracy. To reduce such an effect, a
validation set and test sets are usually used. One
of the most common validations is the k-fold cross
validation. This validation method requires the
division of the data set into k folds: k–1 folds are
used to train a model that is then used to predict
the values of the last fold (called the test set). New
models are calculated until all the data were pre-
dicted once. The overall accuracy is calculated on
the predicted values of all test sets.

Quantitative Nanostructure–Activity
Relationship (QNAR) Modelling:
Applying QSAR Modelling to
Nanoparticles

When applying QSAR modelling to nanoparticles,
the representation and description of the particles
have to be carefully considered. Data mining meth-
ods should work with matrices built on NP infor-
mation (since such methods can be used on any
kind of data), but features in NPs that influence
their activity (the ones to be represented and
described) are highly diverse and fluid compared to
those of usual molecules.

An ontology for NPs has been developed. An
ontology is a formal, explicit representation of
knowledge belonging to a subject area (15). Based
on this ontology, an accurate representation of NPs
requires information on the core, coating, shell and
surface of each NP. In addition, as NPs are in a
state of meta-stable equilibrium, information on
the medium–particle interface and the evolution of
the particle should also be provided. A more thor-
ough description of a NP’s surface modifications is
conducted, because it is, by definition, at the inter-
face with the medium. To describe the surface–
medium interface, surface area, charge and zeta
potential have to be considered. Zeta potential is a
measure of the stability of a particle in a given
medium.

Moreover, specific features of NPs should also be
considered, such as particle size, shape and mass.
Size, for instance, can significantly modify the
properties of NPs. To provide information about
the size of particles, the Average Particle Size
(APS) value is often used. However, one usually
has a mixture of NPs that are either different (in
order to combine two specific properties) or just at
different aggregation states. In such cases, the
APS is irrelevant, because if two different sizes of
particles are present in a single medium, then
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information on the average size is not represent -
ative of the true situation.

A data set taking into account the biological
activity of NPs (assessed by multiple physiological
cell-based assays, in different cell types, and at
various doses) was published by Shaw et al. in
2008 (16). Composed of 50 NPs, chemical informa-
tion about the core, coating and surface modifica-
tion is provided for each NP, as well as four
experimental values: zeta potential, relaxivities R1
and R2, and APS. Relaxivities describe how fast
spins of NPs return to the equilibrium distribution
after a nuclear magnetisation. Fourches et al. (17)
showed, with Shaw’s data set, that QNAR model-
ling is a valid approach. However, these authors
did not use the intrinsic structure of NPs, but only
the experimental measurements (zeta potential,
R1, R2, APS) after separating their data set in
three clusters of molecules (determined by using a
hierarchical clustering procedure).

Materials and Methods

The aim of our study was to test whether repre-
senting and describing features of the structure of
a NP (such as the core, coating and surface modifi-
cations) improves the accuracy of QSAR models, as
compared to the use of only experimental data.
Therefore, we used Shaw’s data set of NPs, repre-
sented it according to NP ontology (15), calculated
descriptors from such representation, and mined
the resulting data.

Building the models

The data set records information on the core, coat-
ing and surface modification of NPs, together
with experimental data. It comprises 50 NPs with
two different cores, five different coatings, 17 sur-
face modifications, and four different experimen-
tal values. The endpoint used is the biological
activity of a nanomaterial, assessed by multiple
physiological cell-based assays in multiple cell
types, and at multiple doses. The biological activ-
ity data that were used are from Fourches et al.
(17). All structural information was manually
converted to a format that could be read by the
software used to calculate the descriptors, i.e. the
line notation SMILES (Simplified Molecular-
Input Line-Entry System; 18). The websites of
chemical providers (19) and ChemSpider (20)
were used to calculate the SMILES notation. The
structures of some surface modifications were not
available (not known or not published by the
manufacturer). Therefore, we calculated the mod-
els by using only particles for which full details
were available, and excluded the unknowns from
the data set. The particles excluded due to lack of

information were: NP6, NP22, NP23, NP33, NP37
(the number corresponds to the IDs in the
Fourches data set; 17).

Several representations were tested: with and
without experimental data, core, coating, and sur-
face modification. In addition, for each combina-
tion, all the different ways of describing data were
tested. The different representations are illus-
trated in Figure 1 and the descriptions are shown
in Figure 2. As an example, for the representation
comprising information on Experimental Data +
Surface Modification, we used five descriptor
matrices. All contained the four experimental val-
ues; one contained PaDEL descriptors, one Estate
descriptors, one topological descriptors, one elec-
tronic descriptors, and one topological and
electronic descriptors. 

To calculate descriptors we used DRAGON (21)
and PaDEL software (22). Three-dimensional (3-D)
descriptors were not calculated, due to the lack of
reliable 3-D information inherent to the NPs. With
DRAGON, we calculated Estate (23, 24), topological
and electronic descriptors. In the case of topological
descriptors, the following DRAGON categories were
included: constitution, topological and walking path.
These represent 164 descriptors. With regard to elec-
tronic descriptors, Estate and charges descriptors
were integrated, which resulted in 185 different
descriptors. Sub sequently, both descriptors (elec-
tronic and topological) were merged to obtain a 349-
descriptor matrix, in order to check whether both
types of information were needed to accurately rep-
resent the molecule. With PaDEL, we calculated 61
descriptors from the Chemistry Development Kit
(CDK; 25, 26). We also used energy values, and ran-
dom numbers to check whether data mining algo-
rithms needed measured information on the
composition of the NP, or needed only differentiated
categories. The energy values included are dipole
momentum, electron energy, nuclease repulsion,
and binding energy. Figure 2 shows the types of
descriptors that were calculated and used for each
part of the NPs.

To mine all the descriptor sets, the open source
software WEKA, developed by the University of
Waikato (27), was used. It was considered accu-
rate, as it was peer-reviewed, and convenient, due
to the possibility of launching calculations by using
Bash scripts. The data were filtered by removing
nominal values and useless values (which do not
vary at all), and normalising the descriptors
between 0 and 1. All this filtering was unsuper-
vised. Several data mining methods, such as ANN,
MLR, PLS and SVM, were evaluated. We then
focused on the methods that gave the best results,
which were PLS, SVM with Radial Based Function
(RBF) and SVM with PolyKernel. 

For each data mining method, specific parame-
ters were modified. For PLS, the number of princi-
pal components was changed from 1 to 15. For both
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SVMs, the tolerance parameter was modified from
0.010 to 0.700 in increments of 0.012. Moreover,
each model was cross-validated by using five folds.
To lower the impact of chance on the selection of
each fold, different seeds for random numbers were
used, from 0 to 20, in increments of 1, for each data
mining method.

Assessment of model accuracy

We used the open source software R (28) to analyse
the accuracy of our prediction models. To assess sta-
tistical significance between two representations
(which means that the difference between them is
unlikely to have happened by chance), we performed

Figure 1: An overview of the 15 different representations that were tested in our approach

For each representation all the corresponding descriptions were calculated. The descriptions are shown in Figure 2. 

Experimental data Core Coating Surface modification

Experimental data
+ Core

Experimental data
+ Coating

Experimental data
+ Surface modification

Core
+ Coating

Core
+ Surface modification

Coating
+ Surface modification

Experimental data
+ Core

+ Coating

Experimental data
+ Core

+ Surface modification

Experimental data
+ Coating

+ Surface modification

Core
+ Coating

+ Surface modification

Experimental data
+ Coating + Core

+ Surface modification

Figure 2: Description of the cores, coatings and surface modifications that were calculated
for each part of the NPs

Each of these descriptions were used on every different representation (Figure 1). To describe experimental features,
all experimental data were used. 

Core

4 Cases:

— PaDEL
— Information about energies
— Random number
— DRAGON Estate

6 Cases:

— PaDEL
— Random number
— DRAGON Estate
— DRAGON topologic
— DRAGON electronic
— DRAGON both

5 Cases:

— PaDEL
— DRAGON Estate
— DRAGON topologic
— DRAGON electronic
— DRAGON both

Coating Surface modification
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a paired Student’s t-test to compare two representa-
tions with the same parameters (PC, average seed
and tolerance). For instance, comparing the average
of the 21 values calculated by using different seeds
with the method parameter ‘3 principal components’
with data set 1, paired with method parameter ‘3
principal components’ with data set 2. We could use
this test because the values followed a normal
distribution. The output of this test is whether rep-
resentation A is significantly better than represen-
tation B, considering all the different parameters.

Then, to compare the accuracies of the prediction
models with different descriptions, we used a bino-
mial test. For example, to answer the question ‘Does
describing the core by using random numbers
improve the model or not?’, we compared all descrip-
tions that used random numbers to describe the
core, to all descriptions that did not use them. For
both tests, the p value had to be lower than 0.01 to
be considered significant.

It was observed that high values for parameters
(14–15 principal components for PLS, and over 0.550
tolerance for SVM) led to inconsistent outcomes. For
PLS, a large amount of principal components left the
models prone to over-fitting, which decreased their
predictive accuracy. In addition a convergence was
observed for both SVMs (no further modification of
the prediction’s accuracy after a defined tolerance
value). To avoid biased results in significance tests,
we excluded values above a cut-off of 13 principal
components in PLS, and over 0.550 tolerance for
SVM. 

Results

Experimental data

We first calculated the accuracy of the predictions
with only experimental data. Such models per-

formed really badly. However, when some informa-
tion about the constitution of the NPs was added
(e.g. representation of the core, coat or surface
modifications), the accuracy of the predictions
increased. 

We then compared models that used and did not
use experimental data (see Table 1). When experi-
mental data were used, there was a significant
decrease in the accuracy of the predictions for PLS,
SVM RBF and SVM Polykernel (SVMK2) methods
for q2, RMAE and RRMSE (which are the relative
MAE and RMSE). This was surprising, because
information regarding the surface–medium inter-
face is relevant for a NP’s activity.

Core

We calculated that there is a significant improve-
ment in the accuracy of the predictions when the
NP’s core is represented (p value < 0.01 with
paired Student’s t-test, comparing the use of core
description). 

The performance of the different descriptors
depended on the data mining method used — ran-
dom descriptors that used PLS, and DRAGON
descriptors that used SVM Polykernel, gave the
best results. However, it was observed that neither
describing the core by using many (DRAGON or
PaDEL) or few descriptors (energy values), nor by
using random numbers (1 for the first core, 2 for
the second core), resulted in significant differences.
It means that, statistically speaking, describing
the core with random numbers provided results as
good as those obtained with other descriptors. To
illustrate this issue, Table 2 shows the results of
the comparison between core random description
and core description with energies. It shows an
improvement in the accuracy of the predictions.
However, this improvement is not significant,
when random values are used.

Table 1: A summary of the results of the paired Student’s t-test comparing a representation
with and without experimental data 

With ED compared to without ED Prediction accuracy Significance of the difference

q2 Significant Decreases 
PLS RMAE Significant Decreases 

RRMSE Significant Decreases 

q2 Significant Decreases 
SVM RMAE Significant Decreases 

RRMSE Significant Decreases 

q2 Significant Decreases 
SVMK2 RMAE Significant Decreases 

RRMSE Significant Decreases 

The comparisons show that using experimental data (ED) lowers the model’s prediction accuracy.
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Coating

We calculated that representing the coating did
not significantly improve the prediction models (p
value < 0.01 with paired Student’s t-test between
the presence or absence of coating description).
However, better results were obtained with molec-
ular descriptors than with only random numbers;
according to binomial tests, this improvement was
not judged to be significant (p value = 0.23).
Furthermore, there was no significant difference
between the use of all descriptors or only topologi-
cal ones. Although a difference was observed when
only electronic descriptors were used, the signifi-
cance of this improvement was not consistent
throughout all the machine learning algorithms.
Adding electronic description of the coating of NPs
improved the accuracy of the models, but the most
important features to describe are topological.

Surface modification

According to our results, surface modification was
the most important feature that should be repre-
sented and described. The most significant improve-
ments in the accuracy of the prediction models
(according to the paired Student’s t-test) were
achieved by using representations of surface
modifications. 

We then compared topological and electronic
descriptions, separately and in combination. Even if
the representation of surface modification was found
to be necessary, the choice of description was not
consistent and depended on the machine learning
method that was used. No significant improvement
was found between the different descriptors investi-
gated, as long as there was a description of the sur-
face modification. 

Discussion

An issue with the data set

The data set we used comprises 50 NPs, which is
rather small for QSAR modelling. Describing the
core, coating and surface modification separately,
with the usual descriptors, for this data set, would
result in an unbalanced matrix (easily 50 rows by
more than 300 columns). Such situations lead to
over-fitting. Moreover, we could not split such a
data set fairly into three sets (training, test and
validation), because too little information would be
within the training set. That is why all the calcu-
lated models were cross-validated by using a 5-
cross validation and not externally tested
afterwards. We believe this is a good compromise
between not over-fitting data and having too little
knowledge to train a model. 

Comments on the results

Experimental data in the form of zeta potential,
relaxivities and particle size contain information
that matters for the activity of NPs. Therefore, we
expected to obtain better results with experimen-
tal values. However, the contrary was observed. A
possible explanation is that experimental values
are not precise enough. For instance, APS (one of
the four properties investigated) can be insuffi-
ciently descriptive, if there is more than one size of
particle present. APS is the average of all particle
sizes in the solution, so it would not describe all
particles correctly. An APS of 50nm could describe
a suspension of 50nm-sized particles or a mixture
ratio 1:1 of particles 30nm and 70nm in size. For
NP26–30, the size (according to Shaw’s paper [16])
is between 20–60nm, which confirms the descrip-
tivity of the experimental data. Fourches et al.
used the average size, i.e. 40nm (17). Moreover, for
NPs with IDs from 26 to 44, there is imprecision
with regard to the relaxivities — in Shaw’s set, the
value is literally < 0.5, while Fourches used 0.5 as
the value for his models. This is why we observed
better results when not relying on experimental
data. 

It is noteworthy that our data set groups only
two types of core, which is very limited. We showed
that it is necessary to describe cores, but a random
description (values 1 and 2) works just as well as
an accurate description. This indicates that models
need only to discriminate between the two differ-
ent cores. With this set, we cannot state whether
molecular descriptors, simple energies, or other
descriptions should be used. Since cores are often
metallic, with a crystalline organisation, we
thought that it could be relevant to use group the-
ory-based descriptors (which provide information
about molecular symmetry). However, lack of data
prevented us from doing this. 

We also found that representing the coating did
not improve the models. This could be due to the
fact that the coating is not necessary for the tar-
geted activity (although this would be counter-
intuitive), or due to a poor description of the
coating. To solve this issue, a more-direct descrip-
tion of the coating should be carried out. Indeed,
our coatings are polymers, and descriptors were
calculated according to their monomeric structure.
Finally, surface modification is the most important
feature to describe. This can be understood by the
fact that it is situated at the interface between
medium and particle, and thus will directly inter-
act with the target.

Conclusions

With this work, our aim was to show that QSAR is
indeed a valid approach for predicting the activity
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of NPs, and that representing them according to
our nanoparticle ontology provides better results
than the representations used in other earlier
articles.

We have shown that the use of experimentally-
measured properties is relevant for QSARs related
to NPs, but the accuracy of those data is of real
importance. For instance, uncertainty about NP
size tremendously lowers the accuracy of the pre-
diction. A system has to be correctly represented
by such values — for example, APS is not relevant
enough, but size distribution could be. Further -
more, describing all the constituents (core, coating,
surface modification) of NPs significantly increases
the accuracy of the models’ predictions. Even
though we cannot state which kind of description
should be performed (we did not identify the
descriptors to be used on the different elements of
a NP), we proved that molecular descriptors can
accurately describe surface modifications. Besides,
we confirmed that our nanoparticle ontology
approach is valid, and further research should be
carried out to further develop it. 

We reveal that the emphasis with NPs should
not be placed on the concept and development of
new descriptors but instead on their representa-
tion. We now believe that cores, coatings and sur-
face modifications should be described with
descriptors reflecting the specificities of each part
— i.e. making use of orbital and symmetry-based
descriptors for metals, topological descriptors for
organic groups, and so on. This description should
be combined with accurate measurements of inter-
actions of the particle within the medium, and spe-
cific parameters, such as size and porosity. To
carry out a proper QSAR on a NP, there should be
enough particles to create an external validation
set, which should have roughly the same amount of
compounds as the training set. The data set used
in our study was small for QSAR approaches, con-
tained some unknown structural features, and
some data were not accurate enough. Therefore,
further work should be done on larger data sets,

including training and external test sets, and
more-accurate experimental data with knowledge
of each part of the NPs used. 
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