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were derived from Mueller and Nowack (2008) and are based on
the mean value of the realistic and the high exposure scenario used
in that work. We increased and decreased these mean values by
10% in order to calculate the so-called initial range of the concerned
transfer coefficients. The range of the periodical NP input into the
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a relevant water volume of 5.2 km3. The average concentration of
NPs in the soil was calculated based on the soil mixing depth which
depends on the type of soil and is 0.2 m for agricultural soil and
0.05 m for natural and urban soil (ECB); the agriculturally used
fraction is 0.369, natural ground and urban ground 0.631 (Bundesamt für Statistik, 2001). This leads to a calculated soil volume of
4.2 km3. The dry soil density was taken to be 1.5 kg/l (ECB, 2003).
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An elementary step towards a quantitative assessment of the risks of new compounds or pollutants
(chemicals, materials) to the environment is to estimate their environmental concentrations. Thus, the
calculation of predicted environmental concentrations (PECs) builds the basis of a first exposure
assessment. This paper presents a probabilistic method to compute distributions of PECs by means of
a stochastic stationary substance/material flow modeling. The evolved model is basically applicable to
any substance with a distinct lack of data concerning environmental fate, exposure, emission and
hKeywords:
o m e p a g e : w w w . e l s e v i e r . c transmission
o m / l o c acharacteristics.
t e / e n v s oThe
f t model input parameters and variables consider production, application
quantities and fate of the compounds in natural and technical environments. To cope with uncertainties
Probabilistic material flow analysis (PMFA)
concerning the estimation of the model parameters (e.g. transfer and partitioning coefficients, emission
Monte Carlo (MC)
factors) as well as uncertainties about the exposure causal mechanisms (e.g. level of compound
Markov Chain Monte Carlo (MCMC)
production and application) themselves, we utilized and combined sensitivity and uncertainty analysis,
Uncertainty
Engineered Nanoparticles (NP)
Monte Carlo simulation and Markov Chain Monte Carlo modeling. The combination of these methods is
Exposure assessment
appropriate to calculate realistic PECs when facing a lack of data. The proposed model is programmed
Predicted Environmental Concentrations
and carried out with the computational tool R and implemented and validated with data for an exem(PECs)
plary case study of flows of the engineered nanoparticle nano-TiO2 in Switzerland.
! 2009 Elsevier Ltd. All rights reserved.

Environmental Modelling & Software
journal

l flow modeling for assessing the environmental exposure to
ology and an application to engineered nano-TiO2 particles

a
d W. Scholz
, Bernd Nowack b, *
1. Introduction

may not be relevant to nanoparticulated materials (Linkov et al.,
2007) because of the particular chemical and physical properties of
sions, Natural and An
Social
Science Interface,
8092a Zurich,
Switzerland
elementary
step towards
quantitative
assessment of the
NPs. These physical and chemical properties depend on size,
ials Testing andrisks
Research,
Society Laboratory,
St.toGallen,
Switzerland
of newTechnology
compoundsand
or pollutants
(chemicals,CH-9014
materials)
the
structure, surface modification and functionalization of the NP.
environment is to estimate their environmental concentrations.
Furthermore, even rough estimations of production and application
Model input parameters describing production volumes, emissions,
quantities of NPs are difficult to obtain.
and fate in the environment have to be estimated to model enviMaterial flow analysis (MFA) is an established method to study
An important example of a new class of
material and energy flows into, throughout, and out of a system
a bronmental
s t r concentrations.
a c t
environmental pollutants are nanoparticles (NPs). The increase in
(Baccini and Brunner, 1991; Baccini and Bader, 1996; Scholz and
the use and production of NPs leads presumably to increased
Tietje, 2002; Brunner and Rechberger, 2004). To model the fate of
An elementary
step towardsNPa exposure.
quantitative
assessment
of thechemicals
risks ofafter
new
compounds
or pollutants
human and environmental
The discussion
about
discharge
to the environment,
mass balance multi(chemicals,
to the
environment
is to estimate
their compartment
environmental
concentrations.
the used approach
potential materials)
risks of NPs has
a high
priority in governments
and the
models
are the most Thus,
commonly
public (Roco,
2005; Helland
et al., 2006; Siegrist
et al., 2007).
(Cowan
et al.,the
1995;
Mackay
1996;exposure
Mackay, 2001; McKone and
calculation
of predicted
environmental
concentrations
(PECs)
builds
basis
of etaal.,first
However, the
of conventional
tools for assessing
health
MacLeod,
2003; Scheringer
et al., 2004;
Arnot, of
2009). Examples of
assessment.
Thisadequacy
paper presents
a probabilistic
method
to compute
distributions
of PECs
by means
and environmental risks from the use and production of nanosuch models are the Berkeley-Trent (BETR) model (MacLeod et al.,
a stochastic
stationary substance/material flow modeling. The 2001)
evolved
model is basically applicable to
materials is unknown at the time (Kandlikar et al., 2006; Katao,
and the Climate Zone Model for Chemicals (CliMoChem)
any 2006;
substance
a distinct
of Kammer
data concerning
environmental
exposure,
emission
and2 and accumulation rates within the compartments in t/year (shown as 95% confidence intervals).
Fig.
4. Mass
flows between
the
compartments
for nano-TiO
Nowackwith
and Bucheli,
2007; lack
von der
and Hofmann,
(Scheringer
etfate,
al.,environmental
2000).
2007). Available
experience with
and organic
chemicals
Normally
for new production,
compounds, there
is a lack of data about the
transmission
characteristics.
Theinorganic
model input
parameters
and variables
consider
application
parameters needed
for these
flow and fate models.
quantities and fate of the compounds in natural and technical environments.
To cope
withmaterial
uncertainties
For many environmental contaminants such data gaps are filled
concerning the estimation of the model parameters (e.g. transfer and partitioning coefficients, emission
using assumptions, extrapolations or safety factors (Kandlikar et al.,
* Corresponding author. Tel.: þ41 71 2747 692; fax: þ41 71 2747 682.
factors)
as well as uncertainties about the exposure causal2006;
mechanisms
(e.g. etlevel
of compound
Mueller-Herold
al., 2006).
Estimating risks of new
E-mail addresses: fadri.gottschalk@env.ethz.ch (F. Gottschalk), nowack@empa.
ch (B. Nowack).
production
and application) themselves, we utilized and combined sensitivity and uncertainty analysis,
Monte Carlo simulation and Markov Chain Monte Carlo modeling. The combination of these methods is
1364-8152/$ – see front matter ! 2009 Elsevier Ltd. All rights reserved.

!:0220&+2$;)%&22$<.9(3$=>.0+$
6.7$
8.,3%0.92$

!"#$
#%&'()*&+$

Wastewater(
disposal(

#%&'(),$
-./%0).*&+$

123$

Atmospheric(
deposi;on(

889:);4('+)
("23+"'

</))
0+%123'1)

43%55.&-&+'6'
7%3&/8.%#'
79%.$+9.$#'
<-=%.>-3)'
?8#3@"'

!"#$%&'()
*+,(-')

.'/)*%0-&12,%3-4)&%
!((?@,-$/%(7*.2(./A'*(B.1'6%C(

./))
0+%123'1)

01$"&#'

D1&'E3&'(
)*+,%-.*/(

Surface(Water(Discharge(
='/'*.>
+::*':+3.,(

!"#$%&'()$*+"'
*4+2(5)
6%7(+27-)

)*+,%7.*2+3.,%(

,-./.)-*/'

7%3&/:.%;35.&/'
79%.$+9.$#'

DG$+3E(
H".$-/+I'(

Water(Column/
Sediment((Exchange(

!"##"$%#&'()*+,"()

5)4#2),/%3-4)&%

!&&:;$(<%,&7+18&1%=*+&01>*",?&
!*+,-,%*$.*&/&
012-"-%3&
!"#$%&
'(%#)*&

0'1"2',/+3.,(4(
!"#$%"&'()*+,%-.*/(
)*+,%7.*2+3.,%(
8'9:9(%$6;1+3.,<(

.'/)*%
!"#$%&'()*%

6+#$,71+8#91$,&

+,-"#$%&'()*%
@,&'*/'J*+/'(
K-/+I'(
5'2.&+6(/.(!''-(

41-"&4%1+#5*&

Run2oﬀ(

0'F6",:(

!"#$%&'()*+)%$,'-#./
0#1)23/

Biosolids(

Atmospheric(((((
Deposi;on(

!+'$&4$5043$

0'1"2',/%(

!"#$%"&'()*+,%-.*/(

Praetorius, Scheringer, and
Hungerbühler, 2012

Article
pubs.acs.org/est

Article

deling Nanosilver Transformations in Freshwater Sediments
pubs.acs.org/est

L. Dale,†,‡ Gregory V. Lowry,†,§ and Elizabeth A. Casman†,‡,*

Modeling Nanosilver Transformations in Freshwater Sediments

†,‡
†,§
er for Environmental
Implications
NanoTechnology
(CEINT)
Amy L. Dale,
Gregory V.ofLowry,
and Elizabeth A.
Casman†,‡,*
ntal Science
†& Technology
neering
and Public
Carnegie
Mellon
University,
Pittsburgh, Pennsylvania 15213, United States Article
Center forPolicy,
Environmental
Implications
of NanoTechnology
(CEINT)
‡
Engineering and Public Policy, Carnegie Mellon University, Pittsburgh, Pennsylvania 15213, United States
and Environmental
Engineering, Carnegie Mellon University, Pittsburgh, Pennsylvania 15213, United States
§

Civil and Environmental Engineering, Carnegie Mellon University, Pittsburgh, Pennsylvania 15213, United States

S Supporting Information
*
Supporting Information

ABSTRACT: Silver nanoparticles (AgNPs), an eﬀective antibacterial agent, are a signiﬁcant
and
fast-growing
application
of nanotechnology
in consumerantibacterial
goods. The toxicityagent,
of AgNPsare a signiﬁcant
STRACT: Silver
nanoparticles
(AgNPs),
an eﬀective
released to surface waters during the use or disposal of AgNP-containing products will
fast-growing application
of nanotechnology
in consumer
goods.
The toxicity
of AgNPs
depend on the chemical
transformations the nanoparticles
undergo in
the environment.
We
present a simple one-dimensional diagenetic model for predicting AgNP distribution and
ased to surface
waters during the use or disposal of AgNP-containing products will
silver speciation in freshwater sediments. The model is calibrated to data collected from
AgNP-dosed
large-scale freshwater the
wetland
mesocosms. The undergo
model predicts
end on the chemical
transformations
nanoparticles
inthat
theAgNP
environment. We
sulﬁdation will retard nanoparticle oxidation and ion release. The resultant Ag2S-coated
sent a simple one-dimensional
diagenetic
model
for predicting
AgNP
and
AgNPs are expected to persist
and accumulate
in sediment
downstream from
sources distribution
of
AgNPs.
Silver
speciation
and
persistence
in
the
sediment
depend
on
the
seasonally
variable
er speciation in freshwater sediments. The model is calibrated to data collected from
availability of organic carbon and dissolved oxygen. The half-life of typical sulﬁdized (85% Ag2S) AgNPs may vary from less than
NP-dosed large-scale
wetlandonmesocosms.
The
model
predicts
AgNP
10 years tofreshwater
over a century depending
redox conditions. No
signiﬁcant
diﬀerence
in silverthat
speciation
and distribution is
observednanoparticle
between ≥50% Ag2oxidation
S and 100% Ag2and
S AgNPs.
and eﬄux
toxic silver ionAg
is reduced
in eutrophic systems
dation will retard
ionFormation
release.
Theof resultant
S-coated
2
and maximized in oligotrophic systems.

NPs are expected to persist and accumulate in sediment downstream from sources of
NPs. Silver speciation and persistence in the sediment depend on the seasonally variable
treatment plants (STPs) facilitates rapid sulﬁdation.15 This
INTRODUCTION
lability of organic
carbon
and
dissolved
oxygen.
The
half-life
of typical
(85%
Ag2S)theAgNPs
transformation
is of sulﬁdized
great importance,
both because
highly may vary from less than
The global market for nanotechnology is estimated to have
7
insoluble
Ag2S shell reduces
the rate of AgNP
oxidationspeciation
and
years to overreached
a century
depending
redoxto conditions.
No signiﬁcant
diﬀerence
in silver
and distribution is
$16 billion
in 2010 and on
is expected
grow to
0
1
because
Ag
S
is
less
toxic
to
microorganisms
than
Ag
NPs
and
2
Products
containing
silver
approximately
$27
billion
by
2015.
3,16,17
erved between
≥50% Ag2S and
100% Ag2S cosmetics
AgNPs.andFormation
and eﬄux of toxic silver ion is reduced in eutrophic systems
Ag+.
nanoparticles (AgNPs),
such as antibacterial
The
diﬀerential
of silver
species necessitates
the and represent an
in
oligotrophic
systems.
delmaximized
schematic for
nanosilver
sediment
chemistry
(adapted from
reactions
are highlighted
in gray
textiles,
represent
a major
use of nanotechnology
in theref 31). Nanoparticletoxicity

■

development of environmental fate models that can predict their
Although several
organisms, and textiles and cosmetics demonstrate relatively
4
models
have
recently
been
developed
to
describe
nanoparticle
high environmental releases; initial estimates suggest
18−23
30 AgNP
2
+
−
no
attempts
have been
transport
in
environmental
media,
n reported inemissions
a simulated
terrestrial
ecosystem.
to air, soil,
and water during
manufacturing, use,
15
Ag
S(NP)
+
2O
2Ag transformations
+ SO4 facilitates
2 →
(2)
made
to
model
the
complex
chemical
of AgNPs
treatment
plants
(STPs)
rapid sulﬁdation.
This
2
disposal,
and/or
recycling
may
equal
as
much
as
50%
of
annual
n of particulateproduction.
silver species
and diﬀusion of silver
5
in surface waters or sediments.
transformation
is indicates
of
both because the highly
2importance,
+ great
−
Smoluchowski
coagulation
theory
nanoparticles
will
ments
also possible
sources
of silverisin estimated
the
water to
lobal are
market
for toxic
nanotechnology
The
eﬀects
of as-manufactured,
untransformed
silverhave
Ag
S(free)
+
2O
→
2Ag
+
SO
2
4
2
0
rapidly with
minerals,
and otherthe
natural
insoluble
Ag2clays,
S shell
reduces
rate of AgNP(3)oxidation7 and
nanoparticles,
which and
are mostly
, have been to
observed
in to heteroaggregate
24
d $16 billion
in 2010
is Ag
expected
grow
2

AgNPs
are toxic
to a wide range
of
consumer
goods
sector.
he model proposed
by Di
Toro
et al.
(1996)
for cadmium
speciation
and solid
phaseinpartitioning.
3
relative
abundance
a system of interest.

NTRODUCTION

Affinity of nanoparticles for
various surfaces

deposition & hetero-aggregation

homo-aggregation
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Mesocosms:
Controlled Release Field Sites

Nanosilver removal in CEINT
mesocosms
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Modeling collision rate coefficients and
drag coefficients on aggregates
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Measuring surface affinity in
complex systems
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Transformed distribution coefficient
aggregation time
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Predicting surface affinity from theory
small κa and Derjaguin approximation
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nanoparticle
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based exact
analytical
expressions (A)
constant
potential; (B)
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Asymmetry of surface coating may increase deposition

Hydrophobic interactions
Force Separation
distance profile
between DODAcoated mica
surfaces
measured by
dynamic surface
force apparatus

Meyer, E. E.; Rosenberg, K. J.; Israelachvili, J.,
Recent Progress in Understanding Hydrophobic Interactions.
Proc. Natl. Acad. Sci. 2006, 103, 15739-15746.

Possible methods for characterizing
hydrophobicity

Kow
Contact angle (lawn of nanoparticles)
Adsorption of probe molecules
Water adsorption
Water desorption (TGA)
10 nm

100 nm

Concluding remarks
Need to connect exposure modeling and effects
modeling
Need to connect ambient concentration models
to bioüptake models
Need for functional assays to predict
nanomaterial behavior
Need for data on nanomaterial behavior in
complex systems
Need for data integration

Acknowledgements

