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CONS P EC TU S

B ecause a variety of human-related activities, engineer-
ed nanoparticles (ENMs) may be released to various

environmental media and may cross environmental bound-
aries, and thus will be found in most media. Therefore, the
potential environmental impacts of ENMs must be assessed
from a multimedia perspective and with an integrated risk
management approach that considers rapid developments
and increasing use of new nanomaterials.

Accordingly, this Account presents a rational process for
the integration of in silico ENM toxicity and fate and
transport analyses for environmental impact assessment.
This approach requires knowledge of ENM toxicity and
environmental exposure concentrations. Considering the
large number of current different types of ENMs and that those numbers are likely to increase, there is an urgent need to
accelerate the evaluation of their toxicity and the assessment of their potential distribution in the environment.

Developments in high throughput screening (HTS) are now enabling the rapid generation of large data sets for
ENM toxicity assessment. However, these analyses require the establishment of reliable toxicity metrics, especially when
HTS includes data from multiple assays, cell lines, or organisms. Establishing toxicity metrics with HTS data requires
advanced data processing techniques in order to clearly identify significant biological effects associated with exposure
to ENMs.

HTS data can form the basis for developing and validating in silico toxicity models (e.g., quantitative structure!activity relationships)
and for generating data-driven hypotheses to aid in establishing and/or validating possible toxicity mechanisms. To correlate the
toxicity of ENMs with their physicochemical properties, researchers will need to develop quantitative structure!activity
relationships for nanomaterials (i.e., nano-SARs). However, as nano-SARs are applied in regulatory applications, researchers
must consider their applicability and the acceptance level of false positive relative to false negative predictions and the reliability of
toxicity data.

To establish the environmental impact of ENMs identified as toxic, researchers will need to estimate the potential level
of environmental exposure concentration of ENMs in the various media such as air, water, soil, and vegetation. When
environmental monitoring data are not available, models of ENMs fate and transport (at various levels of complexity) serve
as alternative approaches for estimating exposure concentrations. Risk management decisions regarding the manufactur-
ing, use, and environmental regulations of ENMs would clearly benefit from both the assessment of potential ENMs
exposure concentrations and suitable toxicity metrics. The decision process should consider the totality of available
information: quantitative and qualitative data and the analysis of nanomaterials toxicity, and fate and transport behavior in
the environment.

Effective decision-making to address the potential impacts of nanomaterials will require considerations of the relevant
environmental, ecological, technological, economic, and sociopolitical factors affecting the complete lifecycle of nanomaterials,
while accounting for data and modeling uncertainties. Accordingly, researchers will need to establish standardized data
management and analysis tools through nanoinformatics as a basis for the development of rational decision tools.

Yoram Cohen and co-workers, 2013 



not relevant for the case study, nano-TiO2 as metal oxide is not
biodegradable. d) For the reason of feasibility it is assumed that
the system is stationary. e) Sludge application on soil and landfill
is not admitted in Switzerland and therefore these flows are not
considered.

Table 3 shows the assumed ranges of the input parameters.
These range values were used to simulate prior and posterior
parameter distributions in order to run the model and calculate NP
concentrations. These so-called initial values for the transfer coef-
ficients between the studied compartments were taken a) from the
literature where few data was available or b) calculated based on
estimations within this work. Most of the uniform distributions
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
system was modeled as a lognormal distribution based on indica-
tions (n! 4) from different sources. Having some indications about

the NP fate within the waste incineration plant (WIP), the transfer
coefficient between WIP and atmosphere could be estimated based
on a triangular distribution. For this case the uncertainty was
reduced in comparison to all the uniformly distributed transfer
coefficients where there was at the most one unique indication of
parameter value available.

The calculations of the NP concentration in surface water (rivers
and lakes) were performed based on the relevant mixing depth of
3 m (ECB, 2003), which was multiplied with 4.2% (Bundesamt für
Statistik, 2001) of the total area of Switzerland. This leads to
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 (Bunde-
samt 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).
The volume of the relevant sediment compartment was derived
from the water surface, which was first assumed to be equal to the

Fig. 4. Mass flows between the environmental compartments for nano-TiO2 and accumulation rates within the compartments in t/year (shown as 95% confidence intervals).
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a b s t r a c t

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
transmission characteristics. The model input parameters and variables consider production, application
quantities and fate of the compounds in natural and technical environments. To cope with uncertainties
concerning the estimation of the model parameters (e.g. transfer and partitioning coefficients, emission
factors) as well as uncertainties about the exposure causal mechanisms (e.g. level of compound
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
appropriate to calculate realistic PECs when facing a lack of data. The proposed model is programmed
and carried out with the computational tool R and implemented and validated with data for an exem-
plary case study of flows of the engineered nanoparticle nano-TiO2 in Switzerland.

! 2009 Elsevier Ltd. All rights reserved.

1. Introduction

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.
Model input parameters describing production volumes, emissions,
and fate in the environment have to be estimated to model envi-
ronmental concentrations. An important example of a new class of
environmental pollutants are nanoparticles (NPs). The increase in
the use and production of NPs leads presumably to increased
human and environmental NP exposure. The discussion about
potential risks of NPs has a high priority in governments and the
public (Roco, 2005; Helland et al., 2006; Siegrist et al., 2007).
However, the adequacy of conventional tools for assessing health
and environmental risks from the use and production of nano-
materials is unknown at the time (Kandlikar et al., 2006; Katao,
2006; Nowack and Bucheli, 2007; von der Kammer and Hofmann,
2007). Available experience with inorganic and organic chemicals

may not be relevant to nanoparticulated materials (Linkov et al.,
2007) because of the particular chemical and physical properties of
NPs. These physical and chemical properties depend on size,
structure, surface modification and functionalization of the NP.
Furthermore, even rough estimations of production and application
quantities of NPs are difficult to obtain.

Material flow analysis (MFA) is an established method to study
material and energy flows into, throughout, and out of a system
(Baccini and Brunner, 1991; Baccini and Bader, 1996; Scholz and
Tietje, 2002; Brunner and Rechberger, 2004). To model the fate of
chemicals after discharge to the environment, mass balance multi-
compartment models are the most commonly used approach
(Cowan et al., 1995; Mackay et al., 1996; Mackay, 2001; McKone and
MacLeod, 2003; Scheringer et al., 2004; Arnot, 2009). Examples of
such models are the Berkeley-Trent (BETR) model (MacLeod et al.,
2001) and the Climate Zone Model for Chemicals (CliMoChem)
(Scheringer et al., 2000).

Normally for new compounds, there is a lack of data about the
parameters needed for these material flow and fate models.
For many environmental contaminants such data gaps are filled
using assumptions, extrapolations or safety factors (Kandlikar et al.,
2006; Mueller-Herold et al., 2006). Estimating risks of new
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ABSTRACT: Silver nanoparticles (AgNPs), an effective antibacterial agent, are a significant
and fast-growing application of nanotechnology in consumer goods. The toxicity of AgNPs
released to surface waters during the use or disposal of AgNP-containing products will
depend on the chemical transformations the nanoparticles undergo in the environment. We
present a simple one-dimensional diagenetic model for predicting AgNP distribution and
silver speciation in freshwater sediments. The model is calibrated to data collected from
AgNP-dosed large-scale freshwater wetland mesocosms. The model predicts that AgNP
sulfidation will retard nanoparticle oxidation and ion release. The resultant Ag2S-coated
AgNPs are expected to persist and accumulate in sediment downstream from sources of
AgNPs. Silver speciation and persistence in the sediment depend on the seasonally variable
availability of organic carbon and dissolved oxygen. The half-life of typical sulfidized (85% Ag2S) AgNPs may vary from less than
10 years to over a century depending on redox conditions. No significant difference in silver speciation and distribution is
observed between !50% Ag2S and 100% Ag2S AgNPs. Formation and efflux of toxic silver ion is reduced in eutrophic systems
and maximized in oligotrophic systems.

! INTRODUCTION
The global market for nanotechnology is estimated to have
reached $16 billion in 2010 and is expected to grow to
approximately $27 billion by 2015.1 Products containing silver
nanoparticles (AgNPs), such as antibacterial cosmetics and
textiles, represent a major use of nanotechnology in the
consumer goods sector.2 AgNPs are toxic to a wide range of
organisms,3 and textiles and cosmetics demonstrate relatively
high environmental releases;4 initial estimates suggest AgNP
emissions to air, soil, and water during manufacturing, use,
disposal, and/or recycling may equal as much as 50% of annual
production.5

The toxic effects of as-manufactured, untransformed silver
nanoparticles, which are mostly Ag0, have been observed in
microorganisms, algae, fungi, vertebrates, invertebrates, and
aquatic and terrestrial plants.3 AgNPs tend to oxidize in oxic
aquatic environments.7"11 This process releases silver ions
(Ag+), which can nonselectively interfere with cell respiration
and membrane transport.3 The toxic effects of silver are
exacerbated by the tendency of the ionic form to persist and
bioaccumulate.12,13

Another particulate species, silver sulfide (Ag2S), forms in the
presence of naturally occurring sulfides. In an oxygen-mediated
process termed “sulfidation,” the AgNPs react with sulfide to
form a surface layer of Ag2S.

14 Partial sulfidation results in what
has been termed a core"shell structure, although TEM images
have shown that complex Ag0-Ag2S morphologies may also
occur.3,7,14 Complete sulfidation is possible.14 In 2010, Kim et al.
characterized Ag2S NPs found in sewage sludge and proposed
that that the sulfide-rich, anoxic environment of sewage

treatment plants (STPs) facilitates rapid sulfidation.15 This
transformation is of great importance, both because the highly
insoluble Ag2S shell reduces the rate of AgNP oxidation7 and
because Ag2S is less toxic to microorganisms than Ag0 NPs and
Ag+.3,16,17

The differential toxicity of silver species necessitates the
development of environmental fate models that can predict their
relative abundance in a system of interest. Although several
models have recently been developed to describe nanoparticle
transport in environmental media,18"23 no attempts have been
made to model the complex chemical transformations of AgNPs
in surface waters or sediments.
Smoluchowski coagulation theory indicates nanoparticles will

heteroaggregate rapidly with clays, minerals, and other natural
colloids upon entering surface water.24 Aggregation is expected
to lead to settling, which will lead in turn to accumulation of NPs
in sediments.24"26 This conclusion is borne out by laboratory
experiments on the behavior of nanoparticles,27,28 as well as the
most recent mathematical models of nanoparticle fate and
transport in surface waters.18,21"23

The biodiversity and health of aquatic systems can be
negatively impacted by the biouptake of AgNPs and toxic Ag+

by sediment-dwelling organisms. Biomagnification resulting
from ingestion of sediment-dwelling organisms by species higher
in the food web is a potential concern,29 since trophic transfer of
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NPs has been reported in a simulated terrestrial ecosystem.30

Resuspension of particulate silver species and diffusion of silver
ion from sediments are also possible sources of silver in the water
column.
The model developed in this paper is based on a mass balance

model by Di Toro et al.31 that describes the speciation of
cadmium in sediments in response to redox conditions
established in the sediment as a function of oxygen consumption
during organic carbon diagenesis, or mineralization.32,33 As
described below, this adaptation is appropriate because the
speciation of both Ag and Cd in sediments is contingent on the
displacement of iron from iron sulfide to form highly stable (i.e.,
very low solubility) metal sulfides.34 The model was calibrated to
experimental data collected from Ag0 NP-dosed artificial
freshwater wetland mesocosms operated by the Center for
Environmental Implications of Nanotechnology (CEINT). The
reader is referred to Lowry et al. (2012) for an in-depth treatment
of the mesocosm experiment.35 After calibration, several input
scenarios were selected for further investigation.

! MATERIALS AND METHODS
Model Structure and Framework. Figure 1 outlines the

reactions and physical processes modeled. The diagram
distinguishes between oxic and anoxic sediment layers for visual
simplicity; however, concentrations of oxygen and all other
species were modeled continuously over depth.
Silver ion, Ag+, is derived from the oxidation of the elemental

silver (Ag0) core of the AgNPs or from the oxidation of sulfur in
silver sulfide. Silver sulfide exists either as a coating on the particle
surface, Ag2S (NP), or as a free (not bound to the initial AgNP)
inorganic precipitate formed by the interaction of iron sulfide
with silver ion diffusing freely in the pore water, Ag2S (free). This
distinction between the two locations of Ag2S, “NP” and “free,”
was necessary to properly track the extent of sulfidation of the
AgNPs during the simulation. This approach distinguishes
transformations undergone by the nanoparticles from those
undergone by the silver ions released from the particles. No such
distinction was necessary for Ag0, which is assumed to be present
only in the AgNP cores. The relevant reactions are as follows:

+ + → ++ +2Ag 1/2O 2H 2Ag H O0
2 2 (1)

+ → ++ −Ag S(NP) 2O 2Ag SO2 2 4
2

(2)

+ → ++ −Ag S(free) 2O 2Ag SO2 2 4
2

(3)

The main driver of aerobic AgNP oxidation is the depth of
oxygen penetration in the sediments, which depends primarily
on its consumption during the microbially mediated oxidation of
particulate organic carbon (POC):

+ → +CH O O CO H O2 2 2 2 (4)

Silver ion freely diffusing in the pore water is converted to
silver sulfide, Ag2S (free), via a displacement reaction, in which
iron sulfide acts as the source of sulfide.

+ → ++ +2Ag FeS(s) Ag S(free) Fe2
2

(5)

Iron sulfide serves as a proxy in the model for all available
sulfides in the system (e.g., acid-volatile sulfide, or AVS). Iron
sulfide is gained via the anaerobic oxidation of organic carbon,
which reduces sulfate to sulfide,

+ → + +− −2CH O SO S 2CO 2H O2 4
2 2

2 2 (6)

+ →+ +Fe S FeS(s)2 2 (7)

and is lost by oxidation to form iron oxyhydroxide (FeOOH):

+ +
→ + ++ −

FeS(s) 9/4O 3/2H O

FeOOH(s) 2H SO
2 2

4
2

(8)

Finally, iron oxyhydroxide and particulate organic carbon
reversibly sorb silver ion.

↔ ≡+Ag Ag POC (9)

↔ ≡+Ag Ag FeOOH (10)

Physical processes modeled include particle mixing due to
bioturbation, diffusive mixing of dissolved species, efflux of
dissolved species as a result of diffusion at the sediment-water
interface, and influx of organic carbon, AgNPs, and oxygen. Note
that, in the tradition of conventional mass balance models,
“particle” refers here to all particulate (solid phase) species:
POC, FeS, FeOOH, Ag0, Ag2S (“NP” and “free”), Ag!POC, and
Ag!FeOOH. “Nanoparticle” refers only to the particulate

Figure 1. Model schematic for nanosilver sediment chemistry (adapted from ref 31). Nanoparticle reactions are highlighted in gray and represent an
extension of the model proposed by Di Toro et al. (1996) for cadmium speciation and solid phase partitioning.
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Affinity of nanoparticles for 
various surfaces 

deposition & hetero-aggregation 

homo-aggregation 



Importance of surface affinity for 
transformtion: CeO2 

Alpha = 0.16 

Alpha = 0.07 

Lauren Barton (Duke University & CEREGE, France) 



Raju Badireddy, Duke University 



Mesocosms: 
 Controlled Release Field Sites 
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Nanosilver removal in CEINT 
mesocosms 



Aggregation, Transport and Surface 
affinity 

Aggregation: 
 Dissolution 
 Reactivity 
   Photo-catalysis 
   Molecular Adsorption 
 transport 

Deposition: 
  Environmental dispersal 
 Biouptake 
 Translocation in organisms 

 

+/- breakup –settling – dissolution… 



Modeling collision rate coefficients and 
drag coefficients on aggregates 

(transport) 

Rectilinear Model

Smoluchowski, 1917

Curvilinear Model

Han et al., 1992

Intermediate model

Veerapaneni et al., 1997 Adler, 1981 Veerapaneni and Wiesner 
1997 



Simulations of heteroaggregation 

!
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Measuring affinity (alpha) in model 
systems 

detector 

data acquisition 

gear pump 

feed solution 

syringe pump 
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Measuring surface affinity in 
complex systems 

dnk
dt

=
1
2
α β i, j( )ninj

i+ j→k
∑ −αnk β i,k( )

i
∑ ni − breakup



Transformed distribution coefficient 
aggregation time 

ln γB+1( ) =αβ n,B( )Bt



Predicting surface affinity from theory 
small κa and Derjaguin approximation 

Energy of EDL 
interaction 
between a 
nanoparticle 
(a=10nm) and 
a flat plate 
based exact 
analytical 
expressions (A) 
constant 
potential; (B) 
linear 
superposition 
approximation  



Asymmetry of surface coating may increase deposition 



Hydrophobic interactions 

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

Force - 
Separation 
distance profile 
between DODA-
coated mica 
surfaces 
measured by 
dynamic surface 
force apparatus  



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 
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