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Comparative Study of Predictive Computational Models
for Nanoparticle-Induced Cytotoxicity

Christie Sayes1,2,! and Ivan Ivanov1

With the increasing use of nanomaterials incorporated into consumer products, there is a
need for developing approaches to establish “quantitative structure-activity relationships”
(QSARs). These relationships could be used to predict various biological responses after ex-
posure to nanomaterials for the purposes of risk analysis. This risk analysis is applicable to
manufacturers of nanomaterials in an effort to determine potential hazards. Because metal
oxide materials are some of the most widely applicable and studied nanoparticle types for
incorporation into cosmetics, food packaging, and paints and coatings, we focused on com-
paring different approaches for establishing QSARs for this class of materials. Metal oxide
nanoparticles are believed, by some, to cause alterations in cellular function due to their
size and/or surface area. Others have said that these nanomaterials, because of the oxidized
state of the metal, do not induce stress in biological tests systems. This controversy highlights
the need to systematically develop structure-activity relationships (i.e., the relationship be-
tween physicochemical features to the cellular responses) and tools for predicting potential
biological effects after a metal oxide nanomaterial exposure. Here, we attempt to identify
a set of properties of two specific metal oxide nanomaterials—TiO2 and ZnO—that could
be used to characterize and predict the induced cellular membrane damage of immortalized
human lung epithelial cells. We adopt a mathematical modeling approach that uses the engi-
neered nanomaterial size characterized as a dry nanopowder and the nanomaterial behavior
in ultrapure water, phosphate buffer, and cell culture media to predict nanomaterial-induced
cellular membrane damage (via lactate dehydrogenase release). Results of these studies
provide insights on how engineered nanomaterial features influence cellular responses and
thereby outline possible approaches for developing and applying predictive computational
models for biological responses caused by exposure to nanomaterials.

KEY WORDS: Classification; membrane damage; metal oxide nanoparticles; nanotoxicology; predic-
tive models

1. INTRODUCTION

Some materials on the nanosize scale are dif-
ferent in chemical and physical properties than
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macrosized materials of identical or similar chemi-
cal composition. These materials can induce different
biological responses. The type of biological response
could also be due, in part, to the route of exposure
and site of target tissues. Because these engineered
nanomaterials are currently incorporated into a va-
riety of industries (food packaging, forestry and pa-
per, cosmetics, plastics and paints, and electronics)
as composites, coatings, or suspensions, there is an
overwhelming need to evaluate each nanomaterial
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in order to protect human health and the environ-
ment. While there are many ongoing efforts to eval-
uate specific alterations in cellular functions after
exposure to individual nanomaterials, an organized
effort in relating the material’s chemical or phys-
ical nature to its effects on biological systems is
needed. A recent review of the advances in devel-
oping “quantitative structure-activity relationships”
(QSARs) that predict a toxicological endpoint, spe-
cific to nanomaterials, reveals that there are very
few published results in this area.(1) Thus, there is a
need to develop predictive mathematical models that
relate experimental data to measurable biological
responses.

Nanotoxicological studies have demonstrated
that there are some cases of in vivo (animal) or in
vitro (cell culture) that are either responsive or non-
responsive to metal oxide nanomaterials.(2#4) For ex-
ample, TiO2 with a primary particle size of $25 nm
in one of the two primary crystal phases, anatase,
induces a significant inflammatory response in lung
epithelial cells in culture and Sprague-Dawley rats.
However, a 25 nm TiO2 particle in the other crystal
phase, rutile, is nontoxic (or inert) in both in vitro
and in vivo systems.(5#8) A nanosized TiO2 particle
in the anatase crystal phase is a more efficient pho-
tocatalyst than a TiO2 particle in the rutile crystal
phase.(9#11) It has been postulated that the size, sur-
face area, and crystal phase of TiO2 contribute to its
inflammogenicity;(4,5,12) however, the weight of each
one of these contributing physicochemical factors has
not been elucidated.

Specific metal oxide nanomaterial features seem
to influence both animal and cell culture biological
responses. These features include size, solubility, and
surface charge. Surface charge has previously been
identified by a number of investigators as an impor-
tant property in not only material science, but also
in pharmacological drug design.(13#17) For example,
liposome drug delivery systems are specifically de-
signed to reduce damage to cells and increase accu-
mulation at the target site(s), primarily due to their
surface properties. However, the same features may
have contributions of different significance for other
metal oxides nanomaterials that have similar size and
size distributions. This might be due to the lack of
contribution from zeta potential or solubility. Sev-
eral studies suggest that the damage to cells and tis-
sues after exposure to ZnO nanoparticles may be
due to exposure to soluble Zn+ ions from the sur-
face of the metal oxide.(2,18,19) This article considers
six different physicochemical properties/features for
both TiO2 and ZnO nanoparticles: engineered size,

size in water, size in phosphate buffered saline (PBS)
solution, size in cell culture medium (CCM), parti-
cle concentration, and zeta potential. We attempt to
use these features to predict the cellular membrane
damage. LDH release can be used as an indicator
of membrane damage, and subsequent cell death, af-
ter nanoparticle exposures. Membrane damage is a
commonly used screening assay that probes for dif-
ferential cytotoxicities in the both in vitro and in vivo
test systems.(20#23) From the modeling point of view,
this expresses our belief that specific combinations of
TiO2 and ZnO features should provide the best clas-
sification and prediction of the cellular responses of
the test system.

Nanomaterial-biological interactions have been
studied in the context of the interactions of spe-
cific nanomaterials with the cell membrane.(24#27)

These interactions were modeled using molecular dy-
namics simulation (MDS) and membrane interac-
tion structure-activity relationship (MI-QSAR) and
focused on a fine scale description of the effects of
carbon nanotubes on the membrane lipid bilayer.
However, these important studies cannot accurately
capture coarser types of biological responses such as
pathway activation. In principle, biological responses
can be modeled by molecular dynamics simulations.
However, it is often impractical or even infeasible be-
cause first, large amounts of data are required to in-
fer the parameters of the models and, second, these
models require significant computational resources.
Thus, there is a need to focus on predicting the bio-
logical responses that are influenced by physical and
chemical properties of nanomaterials intended to be
incorporated into consumer goods.

Effect = f (various combinations of

nanomaterial features),

where effect represents the cell damage/death mea-
sured by the LDH release, and the function f is ei-
ther a regression model or a classifier approach based
on the particular combination of the metal oxide fea-
tures.

The overall objective of this study is to garner
information regarding selected metal oxide nano-
material structural features that perturb cytoplas-
mic leakage. We present a comparative study of two
commonly used in pattern recognition mathemati-
cal models: multivariate linear regression and lin-
ear discriminant analyses (LDA) classification. Tra-
ditionally, multivariate linear regression is attempted
first in modeling experimental data. Here, we applied
it to nanotoxicological data sets and compared its
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performance to that of a simple classification ap-
proach (LDA). The performance was evaluated with
respect to the ability to predict a specific cellular
response, i.e., lactate dehydrogenase (LDH) release
after exposure to metal oxide nanomaterials. The
multivariate linear regression represents the class of
models attempting to detect trends in data, while
LDA classification is an example of a method that
aims at separating data based on the different lev-
els of biological response. We also investigated if
the classification results could be used as guidance
in designing multivariate linear regression models
with improved fit. It should be pointed out that the
terminology could sometimes be misleading: LDA
is a method for constructing a plane that separates
different categories in data. It does not necessar-
ily imply any trend, e.g., linear, in the data. LDA
and multivariate linear regression were selected for
the study because they represent two very different
approaches in designing predictive models. In the
presented data sets, the amount of available data
prohibited the use of more complex models. There
is significant utility in evaluating the use of mod-
els that require small experimental data sets because
this is often the situation in the field of nanotoxicol-
ogy. It is important to note, however, that even if
sound quantitative relationships are developed using
the proposed methodology, the models would need
to be validated in whole animal comparative studies
to have biological relevance, in particular to address
the complex dynamics of cellular damage and repair.

2. METHODS

2.1. Experimental Design

We have designed a systematic method to as-
sess how well different combinations of physical
and chemical properties of two different metal ox-
ide nanoparticles describe and predict the damage
to cell membranes obtained from in vitro test sys-
tems. The experimental data consist of physicochem-
ical values/features (e.g., engineered size, size in wa-
ter suspension, concentration, zeta potential in water
suspension, and solubility) and biological endpoint
values (damage to cellular membranes as measured
by LDH release). The two metal oxide nanoparti-
cles included in this study were titanium dioxide and
zinc oxide. Data were analyzed using (1) multivariate
linear regression and (2) linear discriminant analysis
(LDA) based classification.

2.2. Nanoparticle Preparation

Evonik Corporation (formerly known as the
Degussa Corporation) supplied a commercial
anatase/rutile titanium dioxide mixture (P25 TiO2).
Nanosized zinc oxide (ZnO) was purchased from
Sigma Aldrich (St. Louis, MO, USA) at >99.0%
purity. Particle stock suspensions (10 mg/mL) in
ultrapure water (18.2 M! cm, Milli-Q water purifi-
cation system), PBS solution (sterile filtered), and
F-12K CCM was used to produce serial dilutions
including 25, 50, 100, and 200 mg/L (or ppm) for
the in vitro exposures. Each suspension was probe-
sonicated (Ultrasonic Processor, 50 W/60 Hz) for
30 minutes prior to exposure and characterization.
The time between sonication and particle inoculation
to cell cultures was less than 30 minutes. To reduce
particle settlement, we added Tween 20 ($1% v/v)
to each nanoparticle stock suspension.

2.3. Nanomaterial Characterization

In the dry powder form and in aqueous suspen-
sion, both particle systems were analyzed for var-
ious physicochemical properties. Size and size dis-
tribution was determined by transmission electron
microscopy (TEM) and dynamic light scattering
(DLS) spectroscopy. Zeta potential was measured in
ultrapure Milli-Q water by DLS.

2.4. Particle Size Distribution

Particle size was determined via DLS, on a Ze-
taSizer Nano-ZS instrument (Malvern Inc., Worces-
tershire, UK). The instrument measures the size of
the suspended particles through Brownian motion.
Malvern DLS software version 5.03 was used to ana-
lyze the results.

2.5. Cells in Culture

The cell culture system used in this study was
co-cultures of immortalized rat L2 lung epithelial
cells (American Type Culture Collection, Manas-
sas, VA, USA) and rat lung alveolar macrophages.
Cell culture systems were cultured in F-12K medium
(Kaighn’s modification of Ham’s F-12 medium)
supplemented with 10% fetal bovine serum and
1% penicillin and streptomycin.(5) Cellular mem-
brane damage was collected at 80–85% confluency.
Tests for cellular membrane damage were done in
triplicate.
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2.6. Assay to Determine Damage to Cellular
Membranes: Lactate Dehydrogenase Release

Cells were seeded in 24-well plates and allowed
to attach for 48 hours. Different cell populations
were exposed to different concentrations of particle
suspensions (25, 50, 100, and 200 mg/L (or ppm)) and
incubated for 24 hours. After incubation, plates were
centrifuged at 1,900 rpm for 4 minutes. The media
were transferred into a fresh 24-well plate and ana-
lyzed for LDH release.(28,29) Data were normalized
to unexposed control cell populations.

2.7. Data Normalization and Transformation

The value ranges for different data-types were
originally different from each other. To account for
these differences, we standardized the variances of
the individual features. Additionally, for the pur-
poses of LDA classification analyses, we transformed
the LDH release data into several categories as de-
scribed in the subsequent section. LDH release is a
measure of membrane damage. However, membrane
damage is not always indicative of toxicity. There-
fore, we categorized the LDH release data sets (nor-
malized to control cell populations) into four differ-
ent cellular response levels: dense, normal, leaky, and
disrupted cell membrane.

2.8. Approaches to Designing Predictive Models
of Biological Responses

We performed a comparative study to assess the
potential to use a specific group of nanomaterial
properties to explain the changes in cellular mem-
brane damage as measured by LDH release. The ap-
proaches used to analyze the membrane damaging
effects of each metal oxide nanomaterial included:
(1) multivariate linear regression and (2) LDA
classification. The multivariate linear regression
analysis was utilized to detect possible linear de-
pendencies between combinations of physicochemi-
cal features and the cellular response. When linear
relationships could not be detected, the cellular re-
sponse was modeled by the LDA technique.(30) It is
important to emphasize that LDA classification aims
at constructing a linear surface/plane that is based on
a combination of the available features and separates
the observed categories of biological response. The
constructed plane does not necessarily constitute a
relationship between the physicochemical properties
of nanoparticles and the nanoparticle-induced LDH
release in the traditional sense of curve fitting. The

separating surface and the accompanying error es-
timate provide means to rank the groups of prop-
erties. The ranking is with respect to the ability to
distinguish between the different ranges of LDH re-
lease, thus providing a measure of the importance in
predicting the cell response. The first step in apply-
ing this technique was to subdivide the cellular re-
sponse into distinct levels. An exhaustive search for
LDA classifiers designed for groups of one, two, and
three of the nanomaterial features was performed to
find the best combinations with the smallest resubsti-
tution misclassification error. These combinations of
features were ranked according to their misclassifica-
tion errors.

3. RESULTS AND DISCUSSION

3.1. The Utility of Regression Models and
Classification Approaches to QSAR Design

Multivariate linear regression has often been the
model of choice to discover QSARs between dif-
ferent physicochemical properties of a given mate-
rial/substance and observed responses of a biological
system.(13#17) This approach is especially useful when
data are limited, as it complies with the Occam’s ra-
zor principle. However, the model becomes problem-
atic when data do not follow any clear linear trend,
and does not provide a reliable prediction of the bio-
logical end point of interest. An alternative approach
is to use the natural breaking of the response of the
system into distinct categories or classes. Under such
a paradigm, one is interested in finding a discriminat-
ing surface that is determined by a combination of
features of the material and separates these different
classes. The goodness of the separation is assessed by
error estimation techniques. The estimated errors al-
low for ranking of all of the possible groups of fea-
tures according to their importance to the observed
biological response. The shape of the separating sur-
face does not imply a particular curve trend for the
data; rather, the features that define the best (or opti-
mal) classifier should be given special attention when
designing a QSAR model for the end point of inter-
est. To achieve reliable error estimation in the small
sample setting one has to constrain the complexity of
the designed classifiers and their respective discrim-
inating surfaces.(30) LDA provides one of the least
complex classification rules. The classification error
can be reliably estimated via resubstitution, which,
despite being low biased, has smaller variability and
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performs better than the classical cross-validation in
the case of limited number of samples.(31,32)

We considered different physicochemical prop-
erties/features for each one of the two metal oxides:
engineered size in the dry state, size in ultrapure wa-
ter, size in buffered solutions (PBS or CCM), concen-
tration, and zeta potential in ultrapure water. These
features are referred to as x or input variables in the
subsequent models. The values for the LDH release
were referred to as the response or y variable. Dif-
ferent LDH concentrations in cellular media corre-
spond to different degrees of cell damage in data sets
normalized to control cell populations, LDH levels
of nanoparticle-exposed cells that are similar to the
LDH levels of control cells. Dense cell membrane,
quantified by an LDH release value of less than 0.99,
is observed in the laboratory as not normal cellular
function but not leading to membrane damage or cell
death. Normal cell membrane, quantified by an LDH
release value between 0.99 and 1.09, is observed in
the laboratory as normal cellular and cytoplasmic
membrane function. Leaky cell membrane, quanti-
fied by an LDH release value between 1.09 and 1.25,
is observed in the laboratory as membrane damage.
Disrupted cell membrane, quantified by an LDH re-
lease value above 1.25, is observed in the laboratory
as membrane damage leading to cell death. We have
observed both in the published literature and data
collected in our laboratory that LDH release can be
used as an indicator of membrane damage, and sub-
sequent cell death, after nanoparticles exposures. We
have also observed that differential cytotoxicities ex-
ist in low-level concentrations with slight differences
in types of toxicological effects. Therefore, we cate-
gorized these observed nanoparticle-induced effects
into various levels of mildly induced toxicities.

3.2. Determining the Independent Features

Twenty-four measurements from five different
TiO2 features, Table I, and 18 measurements from
six different ZnO features, Table III, were obtained
from the experimental data sets. In the process of
designing QSARs, it is important to use groups of
features that are independent from each other. We
performed a study to determine if some of the phys-
ical properties of TiO2 or ZnO strongly relate to
each other. To this end, we used principal compo-
nent analyses (PCA) and correlation analyses, which
involved all of the input variables and the response
variable. Because the different data-types were mea-
sured in different units and show significant differ-
ences in their variances, we normalized the data by

Table I. Physical Features of TiO2 Nanoparticles and Membrane
State Values After TiO2 Cellular Exposures Used in the

Multivariate Linear Regression Analyses and LDA Classification

x0 x1 x2 x4 x5 y
Eng. Size in Size in Zeta Membrane
Size Water PBS Conc. Potential Damage
(nm) (nm) (nm) (mg/L) (mV) (units/L)

30 125 1,250 25 #10 0.90
30 102 987 25 #12 1.00
30 281 1,543 50 #15 0.75
30 101 1,045 50 #9 0.70
30 299 1,754 100 #11 1.04
30 134 961 100 #11 1.09
30 600 1,876 200 #12 1.15
30 298 1,165 200 #12 1.20
45 129 2,567 25 #9 0.90
45 129 2,309 25 #10 0.85
45 201 2,431 50 #9 0.75
45 201 2,987 50 #11 0.78
45 451 2,941 100 #11 1.40
45 451 1,934 100 #9 1.50
45 876 1,965 200 #11 1.35
45 876 2,109 200 #10 1.40
125 136 3,215 25 #11 1.25
125 136 2,667 25 #10 1.17
125 149 3,782 50 #10 1.00
125 149 2,144 50 #15 1.10
125 343 3,871 100 #12 1.50
125 343 2,890 100 #9 1.42
125 967 3,813 200 #9 1.60
125 967 2,671 200 #8 1.65

standardizing the individual variances, Fig. 1. Sub-
sequent PCA showed that the first three principal
components explain more than 90% of the variance
in the TiO2 data, Fig. 2(a). Four of the nanomate-
rial features (engineered size, size in ultrapure wa-
ter, size in PBS, and concentration in ultrapure wa-
ter) participated with similar weights of 0.33, 0.50,
0.34, and 0.43, respectively, in the first principal com-
ponent. The same features showed significance also
in the second principal component, with respective
weights of 0.57, #0.34, 0.56, and #0.48. The surface
charge determined, almost entirely with weight of
0.96, the direction of the third principal component.
The correlation analysis of the same data set revealed
that there are very weak correlations between the
different pairs of physical properties for TiO2 with
the only exception of r2 = 0.88 for the pair size and
concentration in ultrapure water. As is consistently
reported in the nanotoxicology literature, the rela-
tionship between nanoparticle agglomerate size and
nanoparticle concentrations has been reported in a
number of studies.(33#35) However, it is the outliers
of this trend that should also be considered. Once the
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Fig. 1. (a) Raw TiO2 data box plots, (b) normalized (regularized) TiO2 data box plots, (c) raw ZnO data box plots, and (d) normalized
(regularized) ZnO data box plots.
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Fig. 2. (a) Pareto plots for the first four principal components for TiO2 data and (b) Pareto plots for the first three principal components
for the ZnO data.
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nanoparticle concentration results in a state of
high particle aggregation, the system may not be a
nanotoxicology scenario any longer. To further com-
plicate the matter, the point of severe particle aggre-
gation is different for each nanoparticle. These de-
pendent factors include physicochemical properties
such as the iso-electric point and/or surface charge of
the particle or the pH of the suspension.

Not surprisingly, there was a complete lack of
correlation between the concentration in ultrapure
water and the engineered size. In addition, none
of the measured five physical properties/features of
TiO2 showed significant correlation to the LDH mea-
surements. The lack of pairwise correlation between
each separate nanomaterial feature and the end-
point does not rule out that a combination of those
features could produce a multivariate linear regres-
sion model with a high coefficient of determination.
The PCA of the ZnO data showed, similarly to the
TiO2 case, that the first three principal components
explained almost all of the variance in the data,
Fig. 2(b). The first principal component has four
features (engineered size, size in ultrapure water,
size in PBS, and size in CCM) participating with
similar weights, 0.44, 0.44, 0.45, and 0.45, respec-
tively. The second principal component is domi-
nated by the concentration in ultrapure water and
the surface charge with weights of #0.82 and #0.45,
while the third principal component is almost entirely
in the direction of the LDH release with its respec-
tive weight of 0.95. The correlation analysis revealed
that the same four features that participate equally
in the first principal component have strong pair-
wise correlations, r2 > 0.94. This result is different
from the TiO2 data set. As expected, the engineered
size and the concentration in ultrapure water did
not correlate. Just like the TiO2 case, there was no
significant correlation between any of the six ZnO
features to the LDH measurements. These prelimi-
nary considerations suggest that when fitting multi-
variate linear regression models to explain the LDH
release after treatment with ZnO nanomaterial one
might consider combinations of the concentration
in water, surface charge, and one of the other four
features.

3.3. Multivariate Linear Regression and LDA
Classification Models for Titanium
Dioxide Nanomaterials

The first step in constructing a multivariate re-
gression model is to select the input variables, which

will be related to the response variable. As there are
five different TiO2 features, the number of possible
combinations of one, two, three, four, and five in-
put variables is 31, each producing its own regres-
sion model. The results from the PCA and correla-
tion analyses suggested that the five models involv-
ing only one input variable have to be discarded and
all of the other 26 possible multivariate linear re-
gression yi = "0 + "k1 xk1i + · · · + "kj xkj i , i = 1, . . . 24
models should be considered before deciding if this
type of model could be used for the purposes of
building QSARs. Here, (xk1i , . . . , xkj i ) represents a
combination of the nanomaterial features and yi are
the data for the LDH release, ith row of the respec-
tive column in Table I. Fitting the regression models
to the data set produced low to moderate coefficients
of determination: in the range from low to moderate,
0.15 < r2 < 0.7. The largest coefficient of determina-
tion was achieved by the most complex model based
on all of the five features from Table I. At the same
time, smaller groups of features led to multivariate
regression models with much smaller coefficients of
determination. For example, if one considers the lin-
ear regression model yi = "0 + "1x2i + "2x5i , the cor-
responding coefficient of determination is r2 = 0.19.
These results suggests that linear regression cannot
provide the correct framework to model the cell
membrane damage if the collected data are limited
to the five TiO2 features listed in Table I. Thus, there
is clearly a need for more sophisticated classifica-
tion techniques or identifying and measuring addi-
tional properties of this metal oxide. We performed
a study to evaluate if techniques borrowed from pat-
tern recognition theory could help in building predic-
tive models based on the features of interest for the
observed biological response.

The LDA classification results show the poten-
tial to find combinations of features that discrim-
inate very well between two important classes of
membrane state: a dense cellular membrane ver-
sus leaky cellular membrane. Our interest was in
finding sets composed of one, two, and three fea-
tures that can distinguish between these two classes
of LDH release. Because of the small sample size,
the LDA classifiers were designed using all the data
from the two classes. The goodness of the classi-
fication was measured by the resubstitution error,
Table II. Interestingly, while the zeta potential of
the nanomaterial did not provide good classifica-
tion by itself, in combination with two other phys-
ical properties—engineered size and concentration
in ultrapure water—it produced a classifier with 0
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Table II. Classification of Dense Cell Membrane Samples
Versus Disrupted Cell Membrane Samples of TiO2

Features #resub

x1 x4 x5 0
x0 x1 x2 0.067
x1 x2 x4 0.067
x1 x2 x5 0.067
x2 x4 x5 0.067

Note: Triplet-wise LDA classifiers are shown. #resub denotes the
resubstitution error for the respective classifier. For the legend of
the labeling of the features, see Table I.

resubstitution error, Fig. 3. These classification re-
sults suggest that regression models could perform
better when fitted to sample points that refer to
pairs of different levels of LDH release. The limited
amount of data did not allow for a thorough testing of
this hypothesis; however, the following example pro-
vides partial support, and warrants further investiga-
tion when additional data become available. We fit
the multiple linear regression model y = "0 + "1x0 +
"2x4 + "3x5 to two different data sets. The first set is
composed of the entire available data; the second set
is composed of both dense cell membrane and dis-
rupted cell membrane. The coefficient of determina-
tion for the second set was r2 = 0.77 while the same
model produces only r2 = 0.70 when fit to the first
set. While the increase in the coefficient of deter-
mination is not large, it shows that special attention
should be paid to the possibility of using different
QSARs models for different categories of biological
response.

3.4. Multivariate Linear Regression Models
and LDA Classification Studies for Zinc
Oxide Nanoparticles

The results from the PCA and correlation anal-
yses showed that there are strong pairwise correla-
tions, correlation coefficients in the range of 0.94–
0.99, between four of the ZnO features (engineered
size, size in ultrapure water, size in PBS, and size
in CCM). This is in striking contrast with the other
nanomaterial, TiO2. Thus, when investigating the po-
tential of multivariate linear regression to model the
ZnO data, we used one of these four features (engi-
neered size) in combination with the remaining two
features (concentration in ultrapure water and zeta
potential). Similarly to the case of titanium dioxide,
the pairwise correlations between each one of the
measured ZnO features and the cell membrane dam-
age was low and we focused our attention on all of
the four possible multivariate linear regression mod-
els based on two or three features selected from the
group of engineered size, concentration in ultrapure
water, and zeta potential, Table III. The resulting val-
ues for the coefficients of determination were found
to be in the range from 0.19 to 0.49, suggesting that
the multivariate linear regression model cannot pro-
vide the framework to predict the cellular membrane
damage based on the collected data about the ZnO
features.

Similarly to the TiO2 data set, we investigated if
the LDA classification approach could provide a dif-
ferent explanation in the observed results. The po-
tential for detecting and predicting the two differ-
ent biological responses—dense cell membrane and
disrupted cell membrane—was supported by the col-
lection of triplet-wise classifiers, i.e., LDA classifiers

Fig. 3. Classification of dense cell
membrane samples versus disrupted cell
membrane samples after exposure to
TiO2 using the combination of three
features: X1 = size in water, X4 =
concentration, and X5 = zeta potential.
Circles represent no membrane damage
and triangles represent damaged
membrane.
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Table III. Physical Features of ZnO Nanoparticles and
Membrane State Values After TiO2 Cellular Exposures Used

in the Multivariate Linear Regression Analyses and
LDA Classification

x0 x1 x2 x3 x4 x5 y
Eng. Size in Size in Size in Zeta Membrane
Size Water PBS CCM Conc. Potential Damage
(nm) (nm) (nm) (nm) (mg/L) (mV) (units/L)

50 55 158 107 25 #55 1.10
60 68 208 145 25 #45 1.03
70 71 198 152 25 #50 1.08
50 56 258 203 50 #50 1.00
60 78 386 243 50 #50 0.92
70 95 279 261 50 #50 0.99
50 168 314 283 100 #25 1.12
60 151 385 250 100 #30 1.25
70 172 354 273 100 #29 1.19
1,000 1,245 1,319 1,102 25 #44 1.58
1,200 1,268 1,325 1,057 25 #33 1.69
1,500 1,198 1,381 1,073 25 #25 1.59
1,000 1,268 1,459 1,121 50 #30 0.92
1,200 1,301 1,587 1,098 50 #32 0.95
1,500 1,283 1,523 1,117 50 #29 0.84
1,000 1,243 1,925 1,372 100 #20 1.25
1,200 1,124 1,805 1,458 100 #21 1.39
1,500 1,269 2,109 1,578 100 #21 1.45

with small resubstitution errors based on all of the
possible triples of features as shown in Table IV. The
features shown Table IV were found after perform-
ing an exhaustive search for all possible classifiers

Table IV. Classification of Dense Cell Membrane Samples
Versus Disrupted Cell Membrane Samples of ZnO

Features #resub

x1 x3 x4 0
x0 x2 x3 0.111
x1 x2 x3 0.111
x2 x3 x4 0.111
x2 x3 x5 0.111
x0 x3 x4 0.222
x1 x2 x4 0.222
x1 x3 x5 0.222

Note: Triplet-wise LDA classifiers are shown. #resub denotes the
resubstitution error for the respective classifier. For the legend of
the labeling of the features, see Table III.

based on one, two, or three physical ZnO proper-
ties. The effect of combining features on decreasing
the classification error was found to be even more
pronounced in comparison to the TiO2 case. For ex-
ample, none of the physical properties (size in ultra-
pure water, size in CCM, and concentration) could
discriminate between the two classes of responses
with less than 25% misclassification error while con-
sidered in isolation. In contrast, when combined to-
gether, they produced the best three feature LDA
classifier given by the expression #0.19x1 + 0.27x4 #
1.70x5 + 10.99, Table IV and Fig. 4.

Fig. 4. Classification of dense cell
membrane samples versus disrupted cell
membrane samples after exposure to
ZnO using the combination of three
features: X1 = size in ultrapure water,
X3 = size in CCM, and X4 =
concentration in water. Circles represent
no membrane damage and triangles
represent damaged membrane.
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3.5. The Role of Zeta Potential in
Nanomaterial-Cellular Interactions

Our data suggest that the biological responses
to nanomaterials could be predicted by quantitative
models based on their measured properties. Specific
physicochemical features of nanomaterials seem to
consistently influence both animal and cell culture
biological responses. Some of these features include
engineered size as a nanopowder, size and size dis-
tribution in the aqueous phase, solubility in aqueous
phase, and surface charge.(29,36#43) Size and size dis-
tribution are generally regarded as contributors to a
cell’s response to a nanoparticle. The solubility and
surface charge of a nanoparticle may also contribute
to the cellular response.

It is unclear how a modest negative zeta po-
tential value becomes a contributing factor to toxi-
city other than it is a characteristic feature of many
metal oxides nanoparticles. We have recently re-
ported, however, that alterations in the pH have
a large effect on zeta potential and agglomer-
ate size of a series of metal oxide nanoparticles,
which may be used as a predictive measure of
nanotoxicity.(44) The pH for which the zeta poten-
tial is 0 mV is 5.19 for TiO2 and 7.13 for ZnO.
These pH values are relevant to hazard assessment.
These data indicate that while the surface charge of
ZnO nanoparticles may not be a contributing fac-
tor to charge or ionic interactions with biological
components, the lower iso-electric point for TiO2
nanoparticles indicates that at physiologically rele-
vant pH of 7.3, the surface is negative (#45 mV).
Other contributing factors need to be considered,
as well. For example, media containing proteins ad-
sorbed onto the surface of the particle can have a
dramatic effect on the zeta potential. Zeta potential
alterations are kinetically driven and should also be
modeled over time. Analyses over a time course are
critical for developing predictive mathematical mod-
els for nanotoxicology and should be included in both
in vitro and in vivo studies. Future work will focus on
the question of how the methods developed in this
study could be extended from static to time series ex-
perimental data, as such data become available.

4. CONCLUSIONS

As an initial evaluation for a nanomaterial, a
structure-activity evaluation (or QSAR) may identify
whether any structural features give rise to a signif-
icant cellular response. Given sufficient knowledge

on structurally related compounds, this type of eval-
uation could be used for screening reasonably well-
defined biological, toxicological, or pharmacological
endpoints of interest, including kinetic characteristics
(i.e., ADME: absorption, distribution, metabolism,
excretion).(25) However, in the case of newly devel-
oped engineered nanoparticles, there is little toxico-
logical or pharmacological information available on
structurally or functionally related materials. In ad-
dition, future development of toxic equivalency fac-
tors (TEFs) based on structure-activity evaluations
could be useful for comparing the potential cell or
tissue damaging effects of different precipitation dy-
namics, chemical structures, functional groups, or en-
gineered size for a particular class of nanomaterials
(e.g., metal oxide nanoparticles vs. metal nanocol-
loids vs. carbon-based nanostructures).

We compared two approaches to develop math-
ematical models that have the potential to predict
the damage to cellular membranes, as measured by
LDH release, of two metal oxide nanoparticles (TiO2
and ZnO) resulting from several nanoparticle physic-
ochemical features. Given the relatively small num-
ber of samples, we elected to use relatively simple
multiple linear regression models to probe for pos-
sible QSARs related to the endpoint of interest—
cellular membrane state. In the cases where the ap-
plication of the regression models did not produce a
good fit, we applied LDA classification, and searched
exhaustively all possible combinations of one, two,
and three feature sets and ranked them according
to how well they discriminated between different de-
grees of cellular responses of the biological test sys-
tem. As an example, for TiO2 particles in the anatase
crystal phase, the results indicated that (i) size in ul-
trapure water, (ii) concentration in ultrapure water,
and (iii) zeta potential in ultrapure water are some of
the most important features that discriminated well
between different levels of cytoplasm leaking. Simi-
larly, the exhaustive search among all of the possible
sets of one, two, and three features found that the
combination of (i) size in ultrapure water, (ii) size in
CCM, and (iii) concentration discriminated well be-
tween different levels of cytoplasm leaking for ZnO
nanoparticles. A closer comparison of the data show
strong pairwise correlations between ZnO features
related to nanoparticle sizing, where there is no such
correlation between sizing features of TiO2 particles.

This article describes a methodology for devel-
oping structure-activity evaluations to identify com-
binations of physical features of a nanomaterial that
influence potential cell damage. The analyses of the
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in vitro data sets demonstrate the potential for this
methodology to probe the effects of nanomaterial
size and zeta potential on cytoplasmic damage. In
addition, our analyses suggest that the process of
QSAR development could benefit from the ranking
of combinations of nanomaterial properties that are
used to classify different levels of biological response.
The data and results illustrate that there are some
common features between TiO2 and ZnO nanoma-
terials and future work will focus on their role in
other metal oxide and metal systems. Future evalua-
tions using additional features, such as water solubil-
ity, bioavailable metals, and time-course evaluations,
are planned; we will attempt to identify which nano-
material structural effects are important for biolog-
ical interactions. The methodology described in this
article could be used as both a guide for the design
of future novel materials and as a tool for assessing
risk.
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