
 

 

 

 

Framing and Assessing Environmental Risks of Nanomaterials 

by 

Christine Charlotte Ogilvie-Hendren 

Department of Civil and Environmental Engineering 
Duke University 

 

Date: December 9, 2010 
Approved: 

 
___________________________ 

Mark Wiesner, Supervisor 
 

___________________________ 
Elizabeth Casman 

 
___________________________ 

Jean-Yves Bottero 
 

___________________________ 
Henri Gavin 

 
___________________________ 

Kenneth Reckhow 
 

Dissertation submitted in partial fulfillment of 
the requirements for the degree of Doctor of Philosophy in the Department of 

Civil and Environmental Engineering in the Graduate School 
of Duke University 

 
2010 

 



 

 

i

v 

 

 

ABSTRACT 

Framing and Assessing Environmental Risks of Nanomaterials 

by 

Christine Charlotte Ogilvie Hendren 

Department of Civil and Environmental Engineering 
Duke University 

 

Date: December 9, 2010 
Approved: 

 
___________________________ 

Mark Wiesner, Supervisor 
 

___________________________ 
Elizabeth Casman 

 
___________________________ 

Jean-Yves Bottero 
 

___________________________ 
Henri Gavin 

 
___________________________ 

Kenneth Reckhow 
 

An abstract of a dissertation submitted in partial 
fulfillment of the requirements for the degree 
of Doctor of Philosophy in the Department of 

Civil and Environmental Engineering in the Graduate School 
of Duke University 

 
2010 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Copyright by 
Christine Charlotte Ogilvie-Hendren 

2010 
 



 

 iv 

Abstract 
Nanomaterials are being increasingly produced and used across a myriad of 

applications while their novel properties are still in the midst of being designed and 

explored.  Thus the full implications of introducing these materials into the environment 

cannot be understood, yet the need to assess potential risks is already upon us.  This 

work discusses a comprehensive view of environmental impact with respect to material 

flows from across the value chain into all compartments of the environment, whereby 

interactions and potential hazardous effects become possible.  A subset of this broad 

system is then chosen for evaluation; a model is derived to describe the fate of 

nanomaterials released to wastewater.  

This analysis considers the wastewater treatment plant (WWTP) as a complete 

mixed reactor aerobic secondary clarifier, and predicts whether nanomaterials will 

associate with effluent or sludge to project potential concentrations in each.  The 

concentration of nanomaterials reaching a WWTP is estimated based on a linear 

weighting of total production, and the fate of nanomaterials within the WWTP is based 

on a characteristic inherent to the material, partition coefficient, and on design 

parameters of the WWTP, such as detention times and suspended solids concentration.   

Due to the uncertainty inherent to this problem, a probabilistic approach is 

employed.  Monte Carlo simulation is used, sampling from probability distributions 

assigned to each of the input parameters to calculate a distribution for the predicted 

concentrations in sludge and effluent.   Input parameter distributions are estimated from 

values reported in the literature where possible.  Where data do not yet exist, studies are 

carried out to enable parameter estimation.  In particular, nanomaterial production is 

investigated to provide a basis to estimate the magnitude of potential exposure.  
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Nanomaterial partitioning behavior is also studied in this work, through laboratory 

experiments for several types of nano-silver.    

The results presented here illustrate the use of nanomaterial inventory data in 

predicting environmentally relevant concentrations.  Estimates of effluent and sludge 

concentrations for nano-silver with four different types coatings suggest that these 

surface treatments affect the removal efficiency; the same nanomaterial with different 

coatings may have different environmental fates.  Effluent concentration estimates for 

C60 and nano-TiO2 suggest that these nanomaterials could already be present at 

problematic concentrations at current levels of annual production. 

Estimates of environmentally relevant concentrations may aid in interpretation 

of nanotoxicology studies. These relative estimates are also useful in that they may help 

inform future decisions regarding where to dedicate resources for future research. 

Beyond attempting to estimate environmental concentrations of nanomaterials, this type 

of streamlined model allows the consideration of scenarios, focusing on what happens 

as various input parameters change. Production quantity and the fraction of this 

quantity that is released to wastewater are found to greatly influence the model 

estimates for wastewater effluent concentrations; in the case of wastewater sludge 

concentrations, the model is sensitive to those parameters in addition to solids detention 

time.   
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1. Prolegomenon  

1.1 Introduction and Objectives 

As with any contaminant, the impacts of an engineered nanomaterial (ENM) on 

the environment are determined by a complex set of factors, with physicochemical 

characteristics influencing its behavior in all environmental compartments as it migrates, 

transforms, and affects its surroundings. The multi-media transport models developed 

to trace contaminants from their releases to the environment throughout the various 

compartments of air, water, soil, and biota, rely on extensive data sets about the 

properties and interactions of the materials involved[1, 2].  However, as over twenty 

years of research into the novel characteristics of nanomaterials has established, some of 

these characteristics remain unknown and others that predicted the fate of conventional 

materials may be inappropriate for predicting the behavior of a material at the 

nanoscale[3].  In fact, the same material properties being discovered and manipulated to 

enable a wide array of applications will affect the way these materials interact with the 

environment upon their release.  Since the impacts of these interactions will not wait for 

scientific understanding, neither should efforts to foresee and manage negative impacts.    

By now it is established that the need to identify and mitigate potential risks 

posed by ENMs is concurrent with a dearth of data necessary to enable a true risk 

assessment. What must be established next are coherent approaches to bridge this gap, 

prioritize research, and take decisions that protect environmental and human health. For 

this reason, interim methods must be developed to cull available data to prioritize 

research needs and screen for nanomaterials that may present the greatest possible 

impacts[4].  
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A holistic approach such as Comprehensive Environmental Assessment (CEA) 

captures the breadth of information necessary to understand such emerging 

contaminants, offering a structured method to explore possible impacts from their 

introduction in a broad sense. CEA combines elements of life cycle assessment (LCA) 

thinking and risk assessment paradigms, and allows for the inclusion of both qualitative 

and quantitative information from a variety of stakeholder perspectives[5]. A schematic 

of the complete knowledge required to enable a CEA is presented in Figure 1. As this 

diagram shows, CEA includes knowledge across the entire life cycle of a material, 

beginning before the inception of primary materials, following ENMs and all collateral 

products throughout their journeys in the environment, and tracing these through to 

eventual impacts.  This diagram can be used to visualize how information from a 

diversity of perspectives can be collected and organized to inform both future research 

and risk based decisions as data is generated, prior to a complete understanding of the 

system. 
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Figure 1: Comprehensive Environmental Assessment Schematic 
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By necessity, the knowledge required to enable a true CEA must be acquired in 

building blocks. One such building block is environmental exposure; understanding a 

material’s release to and journey through the environment is a necessary precursor to 

understanding its potential effects. This work focuses on a subsection of the CEA map, 

seeking to estimate particular environmental exposure potentials of select 

nanomaterials. I assert that estimates of nanomaterial production volume and 

adsorption behavior can be applied to model nanomaterial fate in wastewater treatment 

plants.  Further, I suggest that such predictions can be used as a screening mechanism to 

prioritize exposure concerns and to provide ranges of relevant environmental 

concentrations of nanomaterials to inform toxicity research. 

Specifically, the objectives of this research are:   

(1) To formulate a streamlined model for estimating the fate of nanomaterials 

entering wastewater treatment plants.  

(2) To account for the inherent uncertainty of the problem by modeling the 

system probabilistically, representing the current state of knowledge by 

assigning probability distributions rather than discrete values to model 

parameters wherever appropriate. 

(3) To carry out research where necessary to obtain values or distributions for 

model parameters for which data do not exist. 

(4) To analyze model-generated estimates of environmental concentrations of 

nanomaterials in a manner that acknowledges inherent uncertainties while 

supporting near-term decision making to: 

a. Prioritize next steps toward understanding real environmental 

exposure potential, and 
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b. Identify environmentally relevant concentrations for referencing 

toxicity studies. 

1.2 Literature Review 

1.2.1 Assessing Environmental Impact 

Some investigations have applied existing techniques across the risk assessment 

field to begin evaluating the impacts of nanomaterials. In one study, Kara Morgan 

employed expert elicitation to compile a thorough snapshot of what was known about 

potential risk factors as of 2005 [6], assembling a network of the nanomaterial properties 

expected to govern the type and extent of the materials’ impacts. These variables were 

synthesized into an influence diagram linking the components of this complex problem, 

tying together the different variables that are expected to have causal relationships in 

determining the risk associated with the nanomaterial. With a recognition that published 

data on nanomaterials are limited, the application of such a decision analysis tool was 

not intended to yield numerical probabilities or weighted risk results. Instead its utility 

was intended to be identifying the variables necessary to solidify a risk assessment 

model, with the intent to inform research agendas [6].  

An earlier study looked at broader life cycle impacts specific to the collateral 

impacts of manufacturing nanomaterials.  Robichaud et al. applied an insurance risk 

analysis tool to evaluate the relative risk of five nanomaterial manufacturing processes 

from operational, emissions, and latent toxicity perspectives. The algorithm called for 

input and byproduct material characteristics and process parameters such as maximum 

temperature or pressure. Some of these had to be estimated due to the laboratory scale 

of existing production methods; three cases were evaluated to represent high, medium, 

and low estimates.  Based on these data, the study determined that manufacturing 

processes for the nanomaterials considered ranked lower on the relative risk scale than 
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many well-established industrial production processes including automotive battery 

and silicon wafer production[7]. 

Traditional LCA has also been applied to examine the impacts of replacing 

conventional materials with engineered nanoparticles. Lloyd et al. [8, 9] applied LCA to 

examine the potential economic cost and environmental implications of nanotechnology 

applications in automobiles, specifically the use of nanocomposites [8] and the use of 

nanotechnology to stabilize platinum-group metal particles in automotive catalysts [9]. 

The authors utilized a variant of LCA called “economic input-output LCA” (EIO-LCA) 

developed by their group at Carnegie Mellon University, where environmental impacts 

are estimated using publicly available US data on various industrial sectors involved in 

the product’s life cycle (see www.eiolca.net).  Both studies demonstrated the benefits of 

the nanotechnology applications in reducing resource use and emissions along the life 

cycle compared to conventional practices. Nevertheless, these applications of LCA 

toward nanotechnology applications focus primarily on their potential benefits. Risks 

posed by the nanomaterials themselves were not addressed. 

1.2.2 Nanomaterial Exposure Modeling 

To date there have been only a few studies published that specifically address 

nanomaterial exposure, and by necessity these have been heavily based on broad 

assumptions about the production, use, and release of these materials to the 

environment.  Several such studies have targeted the product use/application stage of 

the lifecycle in their attempts to estimate the sources of nanomaterial releases to the 

environment. They have all drawn upon principles of materal flow analysis, an 

established set of methods for determining material and energy flows throughout 

systems[10, 11].    
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Blaser et al. investigated the nano-silver released specifically from nano-

functionalized plastics and textiles, with the goal of comparing estimated freshwater 

concentrations to predicted no-effect level concentrations (PNECs) and thus arriving at a 

preliminary risk assessment for the Rhine River system.  The approach begins with 

silver mass flows that estimate emissions to the aquatic, terrestrial, and atmospheric 

environment.  Tracing the mass flows through environmental compartments required 

many broad assumptions, such as that 100% of the silver released to a wastewater 

treatment plant will associate with the sludge.  The mass of silver used in this study was 

estimated for Europe based on a Silver Institute survey and on personal communication 

with one Swiss silver company.  The range of production values for silver in all “silver-

containing products” was assumed to be between 110 and 230 tons annually; this does 

not specify nano-silver, and is based on an agglomerated projection of the market size in 

2010.  The authors recognize the uncertainty involved in this number and suggest future 

research should iteratively update the estimates.  Various references are then applied to 

predict the dissolution and release rates of silver from sources in plastics and in textiles 

into freshwater, the binding of silver to other environmental constituents such as sulfur, 

and the behavior in the particular aquatic system of the Rhine river; ultimately a range 

of aquatic concentrations are predicted for sewage treatment plants, river water, river 

sediment, and interstitial water of the sediment; however, the conclusion was that no 

risk assessment could be carried out at the time, based on the extreme uncertainty in the 

data[12].   

Another key study carried out by Mueller and Nowack [13] examined the risk to 

Switzerland due to several types of nanomaterials being release to the environment.  

Again, transport box models were used to discuss the flow of materials through the 

environment, with the goal of estimating flow rates between compartments.  For nano-
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Ag, the Silver Institute report was again used to estimate the maximum possible amount 

of nano-Ag being produced as the entirety of the bulk silver market that is not being 

used for jewelry, photography, or industry.  The minimum amount was taken to be the 

mass of silver imported to Switzerland in the form of paints, according to personal 

communication from the same company consulted in by Blaser et al. (HeiQ).  The total 

nano-Ag production for the world was multiplied by the percent of the world’s 

population in Switzerland, then apportioned into six product categories based on the 

relative number of products found on the internet within each category (textiles, 

plastics, metals, cosmetics, etc.).  Assumptions were then made about the amount of 

nano-Ag used in each product type, and about the percent of the nanomaterial released 

from each product type into different environmental compartments[13, 14].  

Gottschalk et al.[14] expanded the previous model[13] to predict 

environmentally relevant concentrations of nano-TiO2, nano-Ag, ZnO, CNTs and 

fullerenes in Europe as a whole, Switzerland alone, and the United States[14].  In this 

case the authors consulted multiple sources to estimate the worldwide production levels 

of nanomaterials, still relying on personal communication from a single company but 

also drawing on targeted studies of Switzerland and Australia.  These extrapolated 

production volumes were allocated to product categories based on the relative number 

of products in a category containing the nanomaterial in question and the average mass 

of nanomaterials in products.  The nanomaterial release to the environment was then 

estimated by the use of each type of product and the relative material emission to 

various system compartments. The authors arrived at predicted concentrations based on 

the same methods of estimating environmental releases, concluding that TiO2 

concentrations were highest in all compartments and noting the importance of reducing 

uncertainty with source terms to improve estimates. They also concluded that nano-Ag, 
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nano-TiO2 and nano-ZnO all posed potential risks to aquatic systems based on modeled 

effluent concentrations and indicated that future research is required on all 

nanomaterials considered to better understand risk[14].  

1.2.3 Nanomaterial and Nano-product Inventories 

Perhaps one reason that most exposure studies begin with known nanomaterial 

products is that of all the stages in the value chain of nanomaterials, the most research 

has been conducted on the number and type of products utilizing nanomaterials. One 

paper looked at the number of nano-enabled products being made in Switzerland, with 

the purpose of estimating worker exposure, identifying 43 companies that use 

nanomaterials and employing a voluntary telephone survey to obtain quantitative data 

on masses of nanomaterials handled.  Carbon black, nano-TiO2, and nano iron oxides 

were found to be used in the range of 100,000 to 1 million kg per year by these 

companies[15].  A 2006 paper presented an overview of products in the UK assembled 

from web-based sources, company literature, and personal communications; the type of 

nanomaterial and the application was noted, but quantitative data were not provided 

and the point was made that few of the companies in question were producing any 

significant volumes[16]. The Woodrow Wilson Institute maintains a database of nano-

enabled products available on the web[17], which offers useful information on the types 

of products making it to market but does not include data about production quantities 

or the amount of nanomaterials being incorporated into the end products listed.  

1.2.4 Probabilistic Modeling in Cases of Uncertainty 

The complexity of real environmental systems and the uncertainty involved with 

predicting contaminant fate is not new or unique to the advent of nanotechnology.  

Probabilistic methods have been developed to support environmental modeling in cases 

with incomplete data by describing parameters in terms of probability distributions 
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rather than discrete values.  Uncertainty appears in multiple ways in the case of 

nanomaterials, and modeling their fate will require inclusion of uncertainty in terms of 

the variability of complex natural systems and in terms of potential inaccuracies in 

nanomaterial data.   

Monte Carlo simulation methods are useful in modeling systems characterized 

by uncertainty because they produce results that are described as probability 

distributions, thereby giving some sense of the certainty of calculated quantities.  These 

calculations utilize random sampling from probability distribution functions as inputs.  

Stochastic processes such as real environmental systems can thus be modeled while 

accounting for both variablility and potential inaccuracy.  By taking a prescribed 

number of samples from defined distributions for model input parameters, a Monte 

Carlo simulation provides probabilities of different outcomes occurring in an estimated 

probability distribution[18]. 

Though probabilistic modeling offers a powerful way to make valuable 

predictions under conditions of uncertainty, the output of any Monte Carlo simulation is 

of course extremely sensitive to the choice of input distributions.  It is important to 

appropriately select distributions to represent continuous or discrete random variables, 

possible bounds on those variables, distribution symmetry, and underlying 

mathematical processes[19]. Populations and additive processes, for example, are often 

best represented by a normal distribution, while physicochemical processes are often 

described using a lognormal distribution. Inputs whose values are learned via expert 

elicitation where no preference can be identified between values within the range given 

are best represented with a uniform distribution[19].    

Because of this sensitivity of probabilistic predictions to the distributions of 

inputs, it is typically desirable to reduce the sources of uncertainty to improve model 
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results.  Formal methods have been employed in some environmental modeling cases to 

help prioritize planned research activities, in order to reduce uncertainty associated with 

various system parameters. For example, sensitivity analyses and expected utility 

analyses can be employed to reduce uncertainty in outcomes to assist in choosing 

between alternative environmental management actions to take or between input 

parameters to prioritize and investigate[20-22]. 

Monte Carlo simulations as well as Markov Chain Monte Carlo methods were 

applied to an intricate material flow analysis of nanomaterial fate in the environment of 

Switzerland by Gottchalk et al[20].  Hundreds of probability distributions were 

estimated as model inputs to assign nanomaterial flows throughout the value chain of 

the nanomaterial life cycle as well as throughout the compartments in the environmental 

system upon their release. Essentially, input distributions were estimated to represent 

many of the quantities and flows represented in the CEA knowledge map in Figure 1.  

The authors discuss candidly the limitations of predicting real environmental 

concentrations with so many assumptions and sources of uncertainty[20]. 

1.3 Scope of the Present Research 
Although a general framework for nanomaterial risk assessment is presented, a 

subset of nanomaterials and a subset of the interfaces between nanomaterials and the 

environment are chosen for evaluation.  This work identifies wastewater as a source of 

nanomaterials into the environment based on near term exposure potential, and the 

model presented focuses primarily on the fate of nano-silver (nano-Ag) in wastewater 

treatment plants (WWTPs) in the United States.  

These subsets were chosen based on near term relevancy.  The nanotechnology 

product database compiled by the Woodrow Wilson Center’s Project on Emerging 

Nanotechnologies reports 1015 nanotechnology consumer products as of August 
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2009[17]. This database solely represents the number of products available for sale as 

advertised by the companies representing the products, and may not necessarily 

correlate with the relative quantities of nanomaterials involved; the list could also 

potentially miss significant contributions to nanomaterial exposure through non-

consumer products, such as highly specialized medical devices or drug delivery 

technologies.  However, the database provides important quantitative information about 

which nanomaterials, which applications, and which regions of use are most often 

reported.  Over half of the companies in the inventory were based in the United States 

(540 of 1000), with the remaining coming from 23 other countries.  Nano-silver was the 

dominant primary nanomaterial in these products, found in over 3 times the number of 

products of its nearest competitor, carbon.  With respect to use, 605 of their 1015 

products fell into the home and fitness product category, followed by the second most 

prominent category of home and garden, with 152.  The health and fitness category 

includes the sub-categories of personal care, cosmetics, clothing, sunscreen, sporting 

goods, and filtration products; the direct use of such products in the home and on the 

body will likely result in significant disposal of nano-silver products into the sewer 

system, destined for municipal wastewater treatment.  

Within the primary focus on nano-silver, four different types of surface 

chemistries were considered to compare their fate in wastewater treatment plants.  

Surface modifications are often introduced to nanomaterials during fabrication to better 

control their properties and stabilize their suspensions; these coatings or 

functionalizations can change their behavior and fate in the environment, potentially 

affecting adsorption characteristics and thus transport [23, 24].  

Though nano-Ag is the principal nanomaterial of this study, other nanomaterials 

were investigated as well.  Production quantities of nano-TiO2, nano-Ag, nano-CeO2, C60 
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fullerenes, and CNTs were studied, and wastewater treatment fate was modeled for 

nano-TiO2 and C60 in addition to nano-Ag.   

Chapter 2 presents the formulation of the environmental exposure model and 

explains the probabilistic approach taken.  In Chapter 3 all of the model parameters are 

defined, and the methods for determining their respective values or distributions are 

detailed.  Simulation results and estimated environmental concentrations of chosen 

nanomaterials are presented in Chapter 4.  Conclusions are presented in Chapter 5 along 

with their implications for future research.  
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2. Problem Scope and Model Formulation 
A generalized expression is formulated to describe environmental exposure to a 

nanomaterial in terms that limit the sources of uncertainty, to serve as a screening 

mechanism to prioritize exposure concerns and to provide ranges of relevant 

environmental concentrations of ENMs to inform toxicity research.  The concentration, 

Cs, of a nanomaterial in an environmental compartment of interest is conceptually 

represented by the general expression 

€ 

C = S ∗ f ∗ψ  ……………………………………….(1) 

where S is the magnitude of the source, f is the fraction released to the pathway of 

concern, and Ψ describes the fraction of released nanomaterials that partition to a given 

compartment of interest.  The units for this relationship will be further explained 

throughout the mass balance derivation process in future formulae; this interim formula 

is only intended to highlight that the ultimate concentration in question can be 

represented as a function of the primary source of ENMs released to wastewater and of 

the processes governing ENM fate within wastewater treatment. I employ this 

generalized approach to estimate environmental exposure to nanomaterials via 

wastewater sludge, which may be applied to agricultural lands, or via wastewater 

effluents, which may be released to surface waters. 

 

2.1 Formulating a Streamlined Exposure Model  

2.1.1 Overview 

Nanomaterial production and incorporation into products over various stages of 

a nanomaterial value chain can be described in a general framework (Figure 1) of flows 

of nanomaterials into and between various environmental compartments.  At each stage 
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in the value chain there is the possibility of release into any of the environmental 

compartments; releases can be aggregated over environmental compartments or over 

specific stages of the value chain.   

 

Figure 2: Conceptual Network of ENM Flows Over Value Chain and into 
Environmental Gateways and Compartments 

 
Stage “i” of the value chain is defined, where i=1 corresponds to the 

nanomaterial source.  At the sources, S, there may only be one “product” (the raw 

nanomaterial) that is incorporated into any number of intermediate (I) products 

(indexed as the “jth” product) in stage 2. Stage 2 products may then be incorporated into 

the nano-enabled products in stage 3, etc. At any stage “i” the amount of nanomaterial 

represented in aggregate in product “j” is designated as Pi,j where P1,1 = S. The fraction of 

nanomaterials in products Pi,j that are incorporated into downstream products Pi+1,k are 

designated as fi,j,k.  Similarly, there are “release” terms in to the environment, 

representing the fraction of product Pi,j that enters air, water, wastewater, etc.  
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represented for example as fi,j,ww for the case of wastewater. Thus, the nanomaterials 

present in a product at stage “i” of the value chain, Pi,k can be represented as function of 

materials flowing into previous stages of the value chain 

€ 

Pi,k = Pi−1, j f i−1, j,k
j
∑         (2) 

where k=1 for i=1 and thus P1,1 = S. For stage i=2: 

€ 

P2,k = Sf1, j ,k
j=1

1

∑ = Sf1,1,k      (3) 

and for stage i=3: 

€ 

P3,k = P2, j f2, j,k
j
∑ = S f1,1, j

j
∑ f2, j,k            (4) 

The release to wastewater from stages 1,2 and 3 is then given as: 

€ 

wwT = Sf1,1,ww + S f1,1, j f2, j ,ww
j
∑ + S f1,1,l

l
∑

j
∑ f2,l , j f3, j ,ww = S ∗ fww    (5) 

Conceptually, the description of all flows within this network, fi,j,k,  represents a very 

high demand for information on trends in commercialization, product use, product 

degradability, and nanomaterial transformation and transport. I assert that it is 

infeasible to gather such information and that the many individual estimates would each 

be frought with uncertainty by nature. By aggregating across the value chain or across 

receiving compartments such as wastewater, the number of unknowns can be reduced. 

While detail is lost with this method, so are the requirements for information.  For 

example, the amount of a nanomaterial entering the wastewater compartment can be 

expressed as a product of the source of nanomaterials produced, S, and the sum of 

products of coefficients representing all of the pertinent intermediate flows that yield a 

single constant, fww in Equation (4) that captures nanomaterial production and use 

profiles. The value of fww may not be known initially, but may be estimated from values 



 

17 

in the literature from other contaminant releases, from initial measurements of current 

quantities of nanomaterials in wastewater, or based on commercial projections and 

assumptions of use of these products. The parameter f may also be treated as a complete 

unknown that is varied to explore a wide range of scenarios.  In short, the use of an 

aggregated fww is asserted to be most appropriate for representing the current state of 

knowledge of ENM releases given the lack of information and the speculative nature of 

the trajectory of nanomaterial commercialization.  A streamlined model of a subsystem 

is proposed to model concentrations of ENMs based on S and aggregated fww to calculate 

concentrations in the subsystem under consideration. An exposure assessment based on 

a linear weighting of nanomaterials produced is consistent with the often-adopted 

practice of prioritizing risk based on production amounts[25, 26]. 

2.1.2 Describing the Wastewater Influent Nanomaterial Concentration 

As stated, the number of assumptions required to follow a nanomaterial from its 

myriad uses and exposure routes through the environment to its entry into a municapal 

WWTP is enormous, and each assumption introduces a new opportunity for error that 

will propagate through the system.  For this reason I simplify and focus at the beginning 

of the value chain with raw ENMs produced.  The nano-Ag released to WWTPs in the 

U.S. is scaled directly to the quantity produced; the total production is attributed to the 

U.S. as mass per capita per year.  Some fraction of the nano-Ag produced will be 

released through a variety of products and exposure vectors, and will ultimately come 

into a WWTP in the influent. In this fashion the concentration of nanoparticles that make 

their way into, for example, wastewater treatment plants can be estimated as shown in 

Equation (6) 
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€ 

Cin =

S ⋅ f
p

 

 
 

 

 
 

W
=

MassNanoEmittedtoWWTP
Year ⋅ Person

VolumeWaterEmittedtoWWTP
Year ⋅ Person

 

 

 
 
 

 

 

 
 
 
                                   

(6) 
 

where S is the annual production of the ENM, f is the aggregate fraction of that 

production that is emitted to wastewater streams (simplified from fww in Section 2.1.1), p 

is the population to which the nanomaterial utilization applies, and W is the annual 

volume of wastewater generated per person. This Cin corresponds conceptually to the 

contribution of S and f in the generalized Equation (1). 

2.1.3 Describing Nanomaterial Fate in a Wastewater Treatment Plant 

Once released to the wastewater treatment plant, nanomaterials will either leave 

the WWTP in the liquid effluent or the sludge, or will be “destroyed” by processes such 

as dissolution or biodegradation.  In this analysis it is assumed that such destructive 

pathways will not occur. That is, the partitioning variable Ψ in Equation (1) is 

represented by the processes occurring in the wastewater treatment plant resulting in 

nanomaterials associating with either sludge or effluent. The WWTP is modeled as a 

completely mixed reactor (Figure 3), where heteroaggregation, biouptake, etc. result in a 

partitioning between “free” nanomaterials and those associated with other particulate 

species (such as bacteria).  This partitioning is analogous to a linear adsorption process 

and assumed to hold for the suspension and the interstitial liquid in the settled sludge. 

This assumption is justified due to the high concentration of solids in activated sludge 

suspension. Because degradation of nano-Ag is not expected to be a source of significant 

loss, the only mechanism by which nano-Ag leaves the suspension is assumed to be via 

adsorption/heteroaggregation to solids. Although variations in the composition of the 

matrix could affect the adsorption throughout a real wastewater treatment process, this 
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assumption can be used to estimate nano-Ag fate in WWTPs.  Throughout the 

derivation, it should be noted that considerations of sludge volume are based on the 

combined volume of the liquid and solid portions of the sludge. 

 

Figure 3: Complete Mixed Reactor Wastewater Treatment Plant for Nanomaterial 
Partitioning Analysis 

The system variables have the following units,  and their relationships are 

explained in Equations 7 – 9 below. 
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Qin ,Qs,Qout =
Volume
Time

 

  
 

   

€ 

Cin ,C,Cs(v ) =
MassNano

LiquidVolume
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MassSolids
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Cs =
MassNano
VolSludge
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€ 

Xs =
MassSolids
VolSludge

 

 
 

 

 
 
 

€ 

θ,θx = Time[ ] ; 

€ 

V = VolumeofWWTP[ ]; 

€ 

q =
MassNano
MassSolids
 

  
 

  
 

The derivation of an expression representing the physical processes in the WWTP 

depends on several assumptions, detailed here.  Their mathematical role in the 

derivation will be explicitly described in the course of the derivation.  Note that the 
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concentration in sludge is represented by Cs(v) when referring to mass per volume of 

sludge and Cs when referring to mass per mass of sludge. The concentration of ENM in 

the sludge (by volume of total sludge) is defined as including both the portion 

associated with solid portion of the sludge, qXs, and the “free” liquid portion of the 

sludge, C, irrespective of any speciation.   

€ 

Cs(v ) = q ⋅ Xs + C                                                       (7) 

The amount of ENM associated with solids (biomass) is a function of the ENM 

concentration in suspension and the partition coefficient of the nanomaterial. 

€ 

q = C ⋅Kd                                                          (8) 

The partition coefficient, Kd, reflects the relative affinity of ENMs for the solid phases 

(largely microbes) present in the WWTP.  The ratio of the concentration of solids in 

suspension to solids in the thickened sludge1 is represented by the variable K*:  

€ 

K* =
Xs

X                                                        (9) 
 

A mass balance is performed on nanomaterials entering the WWTP that associate with 

suspended solids as a function of the partition coefficient, and the removal of solids to 

the sludge as a function of the operating parameters of the plant. The derivation begins 

with the idea that the mass flowing into the system must be equal to the mass that 

leaves. The following expression must be true about the system: 

€ 

QsCs(v ) =QinCin −QoutC                                               (10) 

From this starting point, the mass balance is carried out by considering the change in 

concentration C within the WWTP over time, making substitutions based on the 

                                                        

1 Note that thickened sludge refers to the typical density of the sludge as it leaves the secondary clarifier to 
dry further, as opposed to the dried solids utilized as fertilizer. 
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assumptions articulated above in Equations 7-9, and seeking a solution at steady state.  

The steps are as follows: 

1. 

€ 

V dC
dt

=QinCin −QoutC −QsCs(v ) 

2. 

€ 

V dC
dt

=QinCin − (Qin −Qs)C −QsCs(v ) 

3. Multiply by 

€ 

1
V

 and substitute for Equation (7) 

€ 

Cs(v ) = q ⋅ Xs + C  

4. 

€ 

dC
dt

=
Cin

θ
−
C
θ

+
C
θx
−
qXs + C
θx

 

5. Substitute for Equation (8) 

€ 

q = C ⋅Kd and Equation (9)

€ 

Xs = K*X  

6. 

€ 

dC
dt

=
Cin

θ
−
C
θ

+
C
θx
−
CKdK

*X + C
θx

 

7. Set at steady state  

8. 

€ 

Cin

θ
= C 1

θ
−
1
θx

+
KdK

*X +1
θx

 

 
 

 

 
  

9. 

€ 

Cin

θ
= C 1

θ
−
1
θx

+
KdK

*X
θx

+
1
θx

 

 
 

 

 
  

10. 

€ 

Cin

θ
= C 1

θ
+
KdK

*X
θx

 

 
 

 

 
  

11. Multiply both sides by θ 

12. 

€ 

Cin = C 1− θ
θx

KdK
*X( )

 

 
 

 

 
  

 
Finally, rearranging to calculate C as a function of Cin yields the following steady state 

result for the concentration of ENMs in wastewater treatment effluent: 

€ 

C =
Cin

1+
θ
θx
(KdK

*X)
                                                  (11) 
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where Cin is the influent concentration to the WWTP (mg nano/L), θ is the hydraulic 

residence time (t), θx is the solid residence time (t), X is the mixed liquor suspended 

solids (mg solids/L), K* is a solids concentration factor (unitless), and Kd is the 

characteristic partition coefficient (in L/mg solids) of the nanomaterial.  

Beginning with Equation (10) again, an expression can be derived for 

concentration in sludge as follows: 

1. 

€ 

QsCs(v ) =QinCin −QoutC  

2. 

€ 

QsCs(v ) =QinCin − (Qin −Qs)C  

3. 

€ 

Cs(v ) =
QinCin − Qin −Qs( )C

Qs

 

4. Divide both top and bottom by V 

5. 

€ 

Cs(v ) =

Cin

θ
−
1
θ
−
1
θx

 

 
 

 

 
 C

θx
 

Drawing on the modeled effluent concentration C, the concentration in sludge 

(by mass) can be calculated as shown in Equation (12), 

€ 

Cs =

Cin

θ
−
C
θ

+
C
θx

θx
∗ ρsludge                                                   (12) 

where Cs is the silver concentration in sludge by volume multiplied by the typical values 

for sludge density, ρsludge (1.02-1.4 kg solids/L)[27], which are applied to arrive at a 

sludge concentration by mass for comparison to other models.  

2.2 Applying Probabilistic Monte Carlo Methods   
Because this model represents a physical system with multiple sources of 

uncertainty, it is appropriate to apply probabilistic methods.  Uncertainty exists both 

from inputs that could be measured but will vary over a distribution, such as the 

concentration of solids in wastewater treatment activated sludge, and from inputs 
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whose values cannot currently be known with accuracy, such as the fraction of 

produced nanomaterials that may be released to wastewaters.  

Crystal Ball® is a software package that operates as a Microsoft Excel add-on and 

enables Monte Carlo simulation.  The software allows individual cells to be defined 

either as assumptions based on user-defined probability distributions that define their 

value ranges, or as “forecasts” based on user-defined bounds on feasible values. The 

model was built in Excel and Crystal Ball® was utilized to define and run Monte Carlo 

simulations. The following chapter will detail how probability distributions were chosen 

for each of the model input parameters that have just been defined.  
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3. Determination of Parameters for Simulation Models 
The most appropriate values and distributions for each variable are discussed 

here in detail; for ease of reference all parameter values are also presented in Table 1.  

3.1 Estimating the Magnitude of Nanomaterial Sources (S) 
The first section of this chapter details an effort to estimate an upper bound for S 

for a single class of ENMs, TiO2, and to estimate future upper bounds by scaling growth 

to “indices of commercialization” such as numbers of publications and patents related to 

these materials. This work is included in Section 3.1.1. as published in Environmental 

Science & Technology in 2009.  In addition to providing an upper bound and a future 

view of the industry, the first investigation also highlighted the difficulty in creating a 

best estimate of current production magnitudes.  A subsequent task was to estimate the 

current United States production of five classes of nanomaterials:  nano-TiO2, nano-Ag, 

nano-CeO2, C60 fullerenes, and carbon nanotubes (CNTs).  This work is described in 

Section 3.1.2 as submitted as a manuscript to Environmental Science & Technology in 

September of 2010.  After the process for obtaining S values is explained in detail 

through these two papers, the values used in the model to represent S appear in Table 3. 

3.1.1 Estimates of Upper Bounds and Trends in Nano-TiO2 Production 
as a Basis for Exposure Assessment 

Authors: Christine Ogilvie Robichaud, Ali Emre Uyar, Michael R. Darby, Lynne G. 

Zucker, and Mark R. Wiesner 

3.1.1.1 Abstract  

An upper bound is estimated for the magnitude of potential exposure to nano-

TiO2 with the purpose of enabling exposure assessment and, ultimately, risk assessment. 

Knowledge of the existing bulk TiO2 market is combined with available nano-TiO2 

production data to estimate current TiO2 sources as a baseline. The evolution of nano-

TiO2 production as a percentage of the total TiO2 market is then projected based on 
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material and market information along with a method that combines observations from 

scientific articles and patents as predictive indicators of the rate of innovative 

transformation.  

3.1.1.2 Introduction 

With the growth of nanotechnology, engineered nanomaterials are produced and 

incorporated into products and processes across a broad spectrum of industries and will 

inevitably enter the environment. The novel properties resulting from their nanoscale 

size, which are the basis of their advantage, may also cause nanomaterials to interact 

with the environment and living organisms in ways that differ from their bulk scale 

counterparts [28-30].  Assessing the impacts and risks posed by nanomaterials requires 

estimates of potential environmental exposure to these materials. In turn, an 

understanding of the variety and physical magnitude of nanoparticle sources is the 

starting point for estimating environmental exposure to nanomaterials and interpreting 

exposure predictions for the purposes of formulating possible regulation and risk 

management strategies.  Relevant exposure estimates are particularly urgent for those 

materials already finding their way into industrial and consumer products.  

Titanium dioxide (TiO2) is one of the most widely used nano-scale materials to 

date; it is incorporated into consumer products such as sunscreens and toothpastes, 

industrial products like paints, lacquers, and papers, and photocatalytic processes such 

as water treatment [16, 31]. Its bulk form is traded in a mature commodity market.  This 

work brings together materials science and engineering knowledge with business and 

economic modeling approaches to determine upper bounds for the production of 

titanium dioxide engineered with greater precision in terms of size distribution and 

crystallinity at the nano-scale (nano-TiO2).  Knowledge of the existing bulk TiO2 market, 

in terms of sources and product segments, is combined with available nano-TiO2 

production data to estimate current TiO2 sources.  The evolution of nano-TiO2 

production as a percentage of the total TiO2 market is projected, employing a method 
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that combines observations from scientific articles and U.S. patents as predictive 

indicators of the rate of innovative transformation[32].  

 Potential for environmental impact by TiO2, either the bulk-scale or nano-

scale, occurs at multiple stages of the material’s life cycle.  The boxes in Figure 1 

represent stages within the journey from raw material to final product and potential 

releases of TiO2 to the air, water, soil, and biosphere, which in turn affect the 

environmental exposure.  

 
Figure 4: Life Cycle of TiO2 and Opportunity for Environmental Impact 

The current scope primarily encompasses the stage backlit in gray: production of 

nano-TiO2.  Though some information regarding bulk and nano-scale end products is 

incorporated into understanding how much nano-TiO2 is produced now and how much 

may be produced in the future, this study differs from some other exposure estimates in 

that the total production amount is considered as the upper bound of potential 

environmental impact.  While recent studies have estimated environmental TiO2 

exposure based on release from end use products [13, 33, 34], this approach looks further 

upstream in the life cycle to create an upper limit of nano-TiO2 exposure, identifying 

how much nano-TiO2 may be produced prior to incorporation into end use products.  
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Three pieces of information are necessary to project sources of nano-TiO2 exposure over 

time: current nano-TiO2 production volumes must be known to provide a baseline, or y-

intercept, of the projection function; the maximum potential production volume is 

considered here as the total TiO2 market, although I explain why this is probably an 

overestimate; and the growth rate over time (slope) must be estimated to describe how 

the production magnitude might increase from the baseline toward the maximum 

potential level.  This work estimates these values.  

3.1.1.3 Methods 

Estimation of a nano-TiO2 production function included a conservative bias 

toward the highest potential source terms that might be applied to subsequent exposure 

assessments.  This effort amounts to an estimate of the penetration of nano-format TiO2 

into the current TiO2 market.  

Current TiO2 production 

Information was collected from nano-TiO2 production patents, academic 

publications, and company interviews to estimate current nano-TiO2 production 

volumes.  One source of uncertainty in estimating this value is the proprietary nature of 

these emerging technologies. Current nano-TiO2 production was estimated by applying 

available production data across all known producers.  

The maximum potential nano-TiO2 production was then determined based on 

information culled from United States Geological Survey (USGS) reports and company 

interviews. The physico-chemical properties of bulk TiO2 that make it competitively 

advantageous in traditional markets were reviewed from literature and evaluated with 

respect to potential enhancements or changes from a shift to the nano-format. 

Integrating current known bulk production volumes, estimates of which market 

segments might shift to an alternative nano-scale product, and current U.S. nano-TiO2 

producer data, I defend the position that most applications of bulk TiO2 would be able to 

utilize, and frequently be improved by, the adoption of nano-TiO2 given the appropriate 
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market conditions. The true degree of nano-scale penetration into the bulk market will 

be determined by tradeoffs between improved performance in products incorporating 

nano-TiO2 and additional costs.  It is acknowledged that in a few cases, the properties of 

nano-TiO2 would make it unsuitable for the current bulk application.  However, here the 

current bulk TiO2 industry is taken as a generous upper bound for future sources of the 

nano-engineered product.  A few scenarios of the resulting cumulative environmental 

load are then presented, representing various fractions of this upper bound being 

produced and thus theoretically available for release to the environment. 

Estimates of future trends 

Methodology developed in previous studies to predict trends in conversion of 

the biotech industry from traditional to newer technologies [35, 36] was applied to 

estimate the rate of change in nano-TiO2 commercialization over time. Parallels in the 

development of biotechnology markets with developments in the nanotechnology 

domain are not immediately obvious; while biotechnology is relatively well defined as a 

market sector, nanotechnology spans multiple sectors (including biotechnology). 

Nonetheless, both represent technological leaps born out of revolutionary discovery and 

inventions; biotech from the historic research on recombinant DNA by Cohen and Boyer 

in 1973, and nanotech from the groundbreaking inventions of the scanning tunneling 

microscope (STM) by Binning and Rohrer in 1981 as well as the development of the 

atomic force microscope (AFM) in 1985[32].  The publishing, patenting, geographical 

concentration of innovative activity, and commercial entry by new firms in nanotech all 

show significant similarities to the patterns in biotech [32, 37-39]. 

Of particular interest for these purposes is the similarity in publishing and 

patenting trends between the two scientific areas. Since these are postulated to be key 

indicators in establishing the future rate of transformation in emerging industries, use of 

the biotech transformation process as a template for nanotech development will only be 
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valid to the extent that the two sets of indicators follow similar patterns at similar points 

along the growth process of their respective fields. 

To investigate trends in nano-TiO2 related innovation, relevant records were 

identified within the various datasets of scientific articles and USPTO patents. Text from 

titles, abstracts, and patent claims were used to search for nanotechnology and TiO2-

specific indicators. This search employed information retrieval (IR) methods developed 

by the open source search engine library Xapian [40]. One such method ranks the 

observations in a dataset according to relevancy using probabilistic methods from 

formulas developed by Robertson and Jones[41].  A detailed accounting of the relevant 

search terms, variables, and calculations involved in this investigation is available in the 

Supporting Information Section. Nano-related observations have also been identified by 

Nanobank [42]. Nanobank uses a sophisticated version of the method referred to above 

and explained in the SI section, letting the dataset dictate potentially relevant terms by 

applying the formula iteratively. By taking into account the changing nature of the most 

relevant terms with time, this methodology allows different decision criteria for 

different time periods. The algorithm is applied separately to USTPO patents and 

scientific articles, with resulting nano subsets available at http://www.nanobank.org.  

The combined trends drawn from the patent and publication data are used to quantify 

the rate of increase in nano-TiO2 innovation and arrive at a slope for the exposure 

function. 

A scenario for the upper bound on cumulative release of nano-TiO2 to the 

environment is then estimated by summing the production amounts over time, as the 

nano-scale share of the TiO2 market grows.  It is important to note that these values are 

based on the nano-TiO2 production portion of the life cycle; this method differs from 

some other recent exposure estimates in the literature in that I do not estimate 

nanomaterial release from products into which they are incorporated[13].  The purpose 

of the approach presented here is to examine the effects of broad, very explicit 
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assumptions regarding nanomaterial exposure potential.  These assumptions are 

independent of product life cycle and other pathway-specific factors that may be highly 

speculative given the rapidly evolving nature of these markets. 

3.1.1.4 Results and Discussion 

Estimated Baseline Current Nano-TiO2 Production 

Current production estimates for nanomaterials are inherently uncertain due to 

the rapid evolution of the industry and proprietary nature of processes used at this early 

stage.  At least seven companies are known to be actively producing nano-TiO2; 

however, the production volumes are typically guarded as proprietary information.  The 

only nano production data being incorporated into the titanium dioxide mineral reports 

of the U.S.G.S. is from DuPont, the only established bulk TiO2 producer also producing 

at the nanoscale, as it is presumably included in its reported bulk volumes. DuPont 

produces nano-TiO2 using an undisclosed plasma process acquired from Nanosource 

Technologies (Oklahoma City, Oklahoma); Nanophase (Romeoville, IL) uses physical 

vapor synthesis; NanoGram (Milpitas, California) uses laser pyrolysis; Advanced 

Nanotech (New York, NY) uses mechanical milling; the German company Nanogate 

(Göttelborn, Germany) uses a sol-gel process; and Degussa (Evonik) uses yet another 

proprietary process. Altairnano uses a hydrochloride process with additional control 

steps such as spray hydrolysis, calcining, and milling to control the TiO2 crystal size.  As 

its patent was released in a detailed paper in which production capacities were reported 

[43], the Altair process provides the most detailed information of all nano producers, 

and forms the basis of the nano-TiO2 projections. The small number of producers and 

proprietary nature of the processes introduces significant yet unavoidable uncertainty to 

current nano-TiO2 production estimates.   A single very effective production method 

could rapidly affect the landscape of this new portion of the industry.  This happened 

with DuPont in the bulk TiO2 industry in the early 1980s, when they developed an 
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updated chloride process that so dramatically improved their economies of scale that 

they priced competitors out of the market and effectively controlled the prices of bulk 

TiO2 [44]. 

Estimated Maximum Nano-TiO2 Production 

The landscape of the established TiO2 commodity market offers insight for the 

future of nano-TiO2, with the current magnitude and types of demand for the bulk 

material shedding light on potential future uses and magnitudes at the nano-scale.  The 

estimated annual global production of TiO2 is 4 million metric tons[45].  The centralized 

bulk industry is poised for a rapid shift to the nano scale. 

Production methods  

Titanium dioxide has been produced via essentially the same two production 

methods for over fifty years.  The older of the two, the sulfate method, is a batch process 

whereby sulfuric acid is mixed with the ferric titanium oxide to yield TiO2, water, and 

ferric sulfate.  The significant ferric acid waste stream and high capital cost has lead 

many producers to move away from this method. The second process used in bulk TiO2 

production is the chloride process.  Licensed by DuPont in the 1940s and later developed 

into a continuous production process, it has become the preferred process for new plant 

construction.  The technology proved to be highly scale-sensitive, leading to a two-fold 

reduction in manufacturing costs upon doubling of the production capacity as 

compared with the sulfate process. The aging infrastructure of the sulfate process, along 

with its the environmental and economic drawbacks, could potentially warrant 

upgrades or retro-fitting with new processes in the near term. 

Geographical distribution 

Global titanium mining and TiO2 production occur in a limited number of 

relatively centralized locations. All United States operations and most new facilities 

being built worldwide are chloride plants, with the exception of China, where virtually 

all plants use sulfate processes. There is notable potential for TiO2 production growth in 
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places such as Australia and South Africa, which boast ample raw material sources yet 

to date have practically no manufacturing. Of particular relevance to nano-TiO2 is the 

Vietnam production, where a plant has recently been built using the Altairnano licensed 

process.  Its capacity represents the majority of Vietnam’s total national TiO2 production, 

and is said to have a capacity of 5,000 to 10,000 annual metric tons; if operating at 

capacity, this plant would represent the majority of the global nano-TiO2 capacity.  See 

Supporting Information for a map of worldwide ore sources and TiO2 production 

operations. 

Organizational centralization 

There are only four companies producing bulk TiO2 in the United States at a total 

of eight locations, all of which utilize chloride processes.  The total production capacity 

is about 1.3 million metric tons per year, making the average plant capacity 200,000 

metric tons per year and meaning that the U.S. is responsible for more than 25% of the 

global production.  That such a large percentage of the world’s TiO2 is fabricated by such 

a small number of companies and sites could indicate a relatively rapid potential 

response time to change the whole industry, should a new technology be introduced.    

Most product sectors could use and benefit from nano-TiO2. Historical data of 

TiO2 use by product sector exists for the past 30 years, compiled by the U.S.G.S.  There is 

no method of specifically tracking any nano-TiO2 portion of these products yet, so to the 

extent that any currently reporting producers are manufacturing nano-TiO2 (DuPont), 

they are assumed to be included in these numbers.  From a volume standpoint, the 

market size driver has been and still is the paint, pigment and lacquer segment at nearly 

57% of the market, followed by the plastics segment at 26% and paper with another 13%.  

The remaining 4% is comprised of the “other” segment including applications such as 

catalysts, cosmetics, coated fabrics, ceramics, printing inks, roofing granules, welding 

fluxes and glass[45]. A figure tracking the relative percentages of TiO2-based products 

since 1975 is shown in Supporting Information. 
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Titanium dioxide is advantageous in applications that require high opacity or 

whiteness, corrosion resistance, or photocatalytic activity. As a pigment in paints, inks, 

plastics, and paper, the extremely high refractive index (RI) of titanium dioxide 

(anatase=2.55, rutile=2.73) offers the pure whites, brilliant colors, and high opacity that 

are desired in those industries. When engineered using the methods that enable nano-

scale TiO2 production, the tight control of particle size increases both the refractive index 

and light scattering of the resulting material because of the uniform particle size 

distribution and additional surface area [46]. On the other hand, the smaller size can 

reduce the opacity and may thus mean that bulk TiO2 remains the most appropriate 

option for some applications. Though the lack of opacity and whiteness may render 

nano-TiO2 inapplicable for some of the bulk TiO2 uses, there is evidence that the nano 

scale is being incorporated into some of these traditional uses of the bulk material, such 

as paints and coatings, where the high degree of particle size control allows increased 

contrast ratio and hardness to offset the loss in opacity[47].  In addition, the procedures 

used to make tightly controlled small particles may also be useful in larger particles with 

a high degree of opacity. 

 Engineering at the nanoscale is particularly interesting because of the fact 

that the smaller particles, when matched properly with the suspension medium, are less 

opaque. This makes them desirable in applications such as sunscreens and UV-resistant 

surface coatings or lacquers. As part of sunscreen creams and lotions, TiO2 absorbs the 

UV rays, shielding the skin from absorbing them and incurring cell damage. A similar 

phenomenon helps lacquers and paints to resist UV degradation. In such applications, 

the high RI of nano-TiO2 is needed but the photocatalytic activity of these nanoparticles 

is undesirable and must be suppressed. Radicals created by exposure to sun and water 

could pose either health risks or potential degradation of the material. The particles in 

these applications are often coated with an organic layer and a metal oxide to mitigate 

radical formation while still allowing the refractive properties to function. 
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Applications for which the desirable photocatalytic activity of TiO2 is exploited 

include water treatment processes and self-cleaning surfaces. Absorption by these 

particles of ultraviolet rays from sunlight or an engineered source results in the 

generation of reactive oxygen species, which in turn may be used to break-down 

contaminants in water, degrade organic compounds that foul surfaces or adhere to 

windows. Nano-TiO2 has shown to have higher reactivity than its bulk counterpart. As 

higher reactivity may make a nano-scale version more desirable than its bulk 

counterpart, high reactivity plus low opacity will likely lead to new uses of TiO2 

requiring transparent, reactive surfaces in addition to displacing applications of bulk 

TiO2 in current markets.  

Most current applications for nano-TiO2 fall into the small category of “other” at 

this time, which has historically represented a small percentage of the total use [45].  

However, given the many advantages of the nano-scale and the centralization of the 

industry with respect to geography, ownership, and technology, it could be argued that 

once a change to nano-scale TiO2 production is warranted for some products, there may 

not be sufficient reason to preserve or update the older bulk scale facilities. 

The pricing differential between conventional and nanoscale leans in favor of 

producing nano-TiO2. Raw titanium ores currently trade at between $0.09 and $0.51/kg.  

Processing them to bulk TiO2 adds an order of magnitude of value, as it trades at 

approximately $2.21/kg [45]. Manufacturing nano-TiO2, which is still a specialty 

chemical, increases the value by two additional orders of magnitude; according to 

company inquiries, nano-TiO2 is sold for $176 to $198/kg. This pricing structure will of 

course change as more nanoscale production facilities are established and economies of 

scale are realized.  As manufacturing costs and market prices fall, nano-TiO2 use will 

increase in existing applications and new applications may arise.  Moreover, the present 

added value of nano-TiO2 may make investing in nano-scale production infrastructure 

more attractive, especially for suppliers with aging facilities that need retrofitting or 
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replacement. A complete table of comparative pricing is available in Supporting 

Information. 

Upper bound nano-TiO2 projection 

Based on the current landscape of the TiO2 commodity market, including the 

geography, organizational centralization, homogeneity of production methods, and 

advantageous specialty pricing of nano-TiO2, an upper bound of nano-TiO2 production 

corresponding to the entirety of the TiO2 market would appear to be large, but perhaps 

not far from realistic. Since the DuPont chloride process revolutionized the entire market 

in the 1980s, perhaps another rapid industry-wide shift could produce a large-scale shift 

from bulk to nano-TiO2[44].  Thus, the maximum potential U.S. production of nano-TiO2 

is taken to be the size of the current U.S. TiO2 market, or 1.4 million metric tons annually, 

projected into the future at historical growth rates.  Though I acknowledge this 

projection is likely an overestimate of the upper bound, it is presented knowing that 

several sources of inaccuracy exist, including the possibility that some uses of the 

product may never incorporate the nano-scale, that new applications of nano-TiO2 will 

continue to develop, and that the bulk TiO2 market may or may not continue to grow at 

historical rates observed over the past 25 years.  Moreover, assuming that a fraction of 

the nano-TiO2 transiting through each stage of its commercial life cycle (Figure 1) 

becomes a source for environmental exposure, assuming a large upper bound on nano-

TiO2 production is prudent from the standpoint of estimating maximum possible 

exposures. 

Estimated Rate of Conversion from Bulk to Nano-TiO2 

While the upper bound assumed for nano- TiO2 production may be a useful 

endpoint, the rate at which this upper bound is reached must also enter into estimates of 

potential sources. As a basis for forecasting the penetration of nano-TiO2 into the bulk 

TiO2 market, parallels are postulated in the evolution of the biotechnologies and 

nanotechnologies as indicated by publishing and patenting trends, two key indicators in 



 

36 

establishing the future rate of transformation in an industry[37, 39]. Using the biotech 

transformation process as a baseline for nanotech will only be valid to the extent the two 

sets of indicators follow similar patterns at similar points along the growth process of 

the respective fields. 

Figure 5 shows a comparison of how nanotech and biotech publishing and 

patenting activity have changed with time beginning with the base years of 1973 and 

1986 for biotechnology and nanotechnology respectively for each industry, as adapted 

from Zucker and Darby 2004[37]. Other than lack of patenting in the first 7-year period 

of the biotech area, due to the legal constraints in issuing patents for gene-sequence 

discoveries (which weren’t allowed until 1980), the two sets of data shows similar trends 

regarding rates of publications and patents. However, biotech articles probably suffer 

from undercounting, since they are only considered to be those that report a genetic 

sequence discovery. It has previously been concluded that “Taken as a whole, the scientific 

and patenting growth of nanotechnology is of at least the same order of magnitude as 

biotechnology at a similar stage of development.[37]” 

It should be noted that the observations counted as nano in Figure 5 result from a 

Boolean search, only including those that contain the string “nano” in the searchable 

parts of the observation. (Titles and abstracts, to the extent available, in scientific articles; 

titles and abstracts in patents). A similar exercise is repeated with the results from 

Nanobank, which determines the results via a probabilistic search, based on the popular 

terms used in nano-related research as well as the certainty samples (like the articles 

contained in VJNano, the Virtual Journal of Nanoscale Science and Technology). Those 

results support the previous conclusions that biotech serves as an appropriate template 

for nanotech in investigating the rates of transformation in innovative processes. 
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Figure 5: Comparing Nanotech (1986-2004) and Biotech (1973-1994) Publishing and 
Patenting Trajectories, as Adapted from  Zucker and Darby 2004 

Nano Innovation Indicators: Articles and Patents 

Forecasting the future usage of a nanomaterial, particularly in the early stages of 

transformation, is difficult due to certain properties inherent to the field. Nanotech, like 

biotech before it, is an innovation driven field, where the changes in the related 

industries do not come gradually. Rather, the new materials, products, and production 

methods usually represent a radical change from the previous ones, often completely 

overhauling industries. As a result, making estimations based on the past trends of 

production and consumption that correspond to pre-innovation or early-revolution 

periods may be hugely misleading, since such a method cannot take into account the 

changes coming from innovations that are in the early phases of being utilized, or even 

just being discovered. Estimating the complete overhaul of a sizeable industry like 

pharmaceuticals would not have been possible by just looking at the share of biotech in 

the early stages of development. 
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Instead, indicators of transformation in such industries can be found by paying 

attention to the whole innovative process. Innovations that are currently driving the 

transformation in an industry (i.e. products and areas of use in production) can be traced 

back to their earlier stages, from an abstract concept to a concrete idea to a promising 

product[36, 37]. Conversely, current trends in various innovative stages provide 

valuable information for estimating the future state of the industry; the transformation 

in production is likely to follow these transformations in innovation, subject to certain 

lags based on the innovative process.  

To investigate the rate of transformation in the nano-TiO2 industry, two 

indicators are proposed. The first is based on consideration of scientific articles 

published in peer-reviewed journals as collected by ISI. These represent the birthplace of 

innovations, where fundamental principles are established or new, novel concepts are 

introduced. They are also the farthest innovative indicator from the actual industrial 

production, with the lag between the rate of transformation to nano in scientific articles 

and the actual production expected to be among the largest. The second indicator is the 

patent applications granted by the USPTO. As these represent more concrete ideas with 

clearer paths to innovation and commercialization, their lag expected to be shorter than 

that of published articles. For each of these indicators, find the number of TiO2-related 

observations are identified and the trends evaluated. Furthermore, the number of nano-

specific TiO2 related observations are determined and the change in ratios of nano 

observations over time is investigated. If a transformation toward nano is to shape the 

TiO2 industry in the future, traces of this movement are expected to be found in current 

innovative indicators, as seen in Figure 6.  

The share of nano in TiO2 related academic articles were also assessed, as well as 

the share of nano in TiO2 related USPTO patents, counted by grant year. A graph 

showing that the share is steadily increasing can be found in the Supporting Information 

section (Appendix A.3).  In 2005, 35% of all TiO2 articles and 50% of all patents were 
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nano-related; though this clearly does not mean that 35% or 50% of the TiO2 industry is 

expected to convert to nano in a couple of years, the trends are certainly indicative of the 

direction of the industry. In addition to serving as estimators for the rate of 

transformation, these ratios also seem to verify the previous conclusion that the size of 

the whole TiO2 market is a reasonable upper bound for nano-TiO2 usage in the long 

term. This is also compatible with the idea that TiO2-related industries are 

environmentally relevant for study and that they are particularly good candidates for 

nano transformation. 

Final conversion 

The rapidly changing nature of the industry means that future trends in nano-

TiO2 development depend on a number of factors that cannot easily be identified 

beforehand, such as how quickly innovations appear in major TiO2 areas, what will be 

the cost associated with these innovations, and whether the technologies will be strictly 

proprietary. However, the limiting scenario is considered because the aim is to find an 

upper bound for potential nano-TiO2 exposure, using biotech as a good benchmark 

because that industry converted entirely to a new technology within two decades. While 

nano-TiO2 is unlikely to follow that pattern exactly, this scenario serves as a reasonable 

upper bound with the right order of magnitude based on the previously outlined factors 

that suggest a high rate of conversion. 

Three assumptions are made in this scenario. The first is based on the previously 

explained estimate of current nano-TiO2 production, extrapolating the characteristics of 

one producer (Altair) to the four other known U.S. nano-TiO2 producers under the 

assumption that all producers generate the same volume of materials.  This assumption 

is not likely to yield an underestimate of production since of the 4 U.S. manufacturers 

(Nanogate is a European company), Dupont and Altair seem to be the front-runners 

over Nanophase and Nanogram; Altair representing 1/3 to 1/4 of U.S. nano-TiO2 

production is a plausible assumption.  Next, the case where the entire industry 
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eventually converts to nano-TiO2 is considered. As mentioned in section 2, there are 

some caveats expected to preclude every current bulk application converting to the 

nano-scale; however, the bulk market is used as a generous upper bound, and in 

recognition of the fact that new applications will develop that had not been represented 

in the previous bulk industry. The final assumption is a rapid time frame for the shift, 

comparable to that of Biotech.  

A relatively stable trend is seen in TiO2 production over the last several decades, 

with some aberrations in the period from 1950 to 1982 but a straight trend from 1982 

onward. Production data from 1982-2004 is used to estimate the trend and forecast the 

total TiO2 production through 2025, which is shown in the upper function of Figure 3. 

Bulk TiO2 production data in that time frame start with a value of 598,000 metric tons at 

year 1982 and follow a linear trend, upward to 1,400,000 metric tons in 2006. Linear 

regression results in an estimated increase of 38,830 metric tons per year in the total TiO2 

production from year 1982 through 2025, with an R2 value of 0.96.  A graph of this 

estimated total production is shown in Supporting Information.  

To estimate nano-TiO2 production, three points from past Altairnano production 

are fitted to the exponential function 
)2002( −⋅⋅= tgeaY ; this assumption of 

exponential growth is in line with both standard economic practice and with typical 

patterns of increasing economies of scale. In this function, Y is the nano-TiO2 per year in 

metric tons, t is the year to be estimated and g is the exponential growth factor. 

Estimates are thus generated based on the scenario where 2002 is the start year (zero 

production), the total nano-TiO2 capacity in 2006 for all four known U.S. nano-TiO2 

producers is 4 times the claimed 10,000 metric tons of production for Altairnano at the 

capacity of its largest facility to date (in Vietnam) in that year, yielding 40,000 metric 

tons. Assuming that this upper limit of complete conversion occurs at the fastest 

possible time, which is taken to be the same amount of time in which the biotech 
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industry converted, complete conversion to nano would occur in 2025 with a production 

of nearly 2.5 million metric tons per year.  This is shown as the lower curve in Figure 6 

as a portion of the total TiO2 production.  

This scenario suggests that while the share of nano in total TiO2 production was a 

negligible 3,000 MT or so in 2002, it may plausibly have increased to a current 2.5% 

(around 44,400 metric tons of estimated nano production out of the 1,700,000 estimated 

total). The potential growth scenario would result in a share of nano in the TiO2 industry 

surpassing 10% (~260,000 MT) by 2015 and a completely converted industry the 

industry by 2025 (which would be ~2.5 Million MT at the current growth rate).  This 

represents a true upper bound; the amount of nano-TiO2 production that will not be 

surpassed.  

 

Figure 6: Projected Nano-TiO2 vs. Bulk TiO2 

Potential Environmental Load 

Estimates for nanomaterial production can be used as the basis for calculating 

possible exposure scenarios or environmental loads. While much more information is 
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needed to obtain meaningful estimates of exposure, this work asserts that before 

detailed assessments exist to predict the release mechanisms and quantities from nano-

TiO2 enabled products, another method of estimating potential environmental load is to 

consider the total amount produced as the upper limit of potential exposure.  It is then 

possible to consider multiple scenarios under which less than that full amount would be 

released, as the potential environmental load of the material.  Presented here are several 

scenarios of possible nano-TiO2 release to the environment based on arbitrarily assumed 

percentages of environmental “leakage” of nanomaterials, which represent averages 

across sources occurring over the entire lifecycle of the material (Figure 7).  As 

highlighted in the introduction, these upper bounds are projected solely based on the 

nano-TiO2 production stage of the life cycle. The exposure estimates provided by 

Mueller et al. are not directly comparable to estimates presented here because they are 

based on release from end-use products via different environmental pathways specific 

to Switzerland; however, it is notable for comparison that they base their current 

exposure numbers on total global nano-TiO2 production numbers (5,000 MT/year on the 

low end [47], and ~64,000 MT/year on the high end) that are considerably smaller than 

the upper bound suggests, given the previous claim that current U.S. production alone 

could be as high as 40,000 MT/year. Considerable work is required to hone more 

accurate maximum exposure projections, details of nanomaterial fate and transport in 

the environment are needed to translate production estimates to actual exposures, and 

both human and ecosystem endpoints studies are needed in order to determine the 

significance of exposure levels.  
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Figure 7: Total Cumulative Nano-TiO2 Production, With Various Scenarios for Percent 
Released to the Environment 

Innovations stemming from the nano format of TiO2 coupled with the current 

landscape of the bulk TiO2 market suggest that the industry could be both pushed from 

a production standpoint, given the consolidated and aging nature of the bulk TiO2 

market, and pulled from a demand standpoint, given the high value and advantageous 

properties of nano-TiO2, to rapidly transition this mature market to the nano-scale. If the 

expectations regarding nanotech becoming significantly more prominent in the near 

future are realized, any potential negative impacts may have enormous medical, 

economic, legal and policy related effects.  In the face such certain growth and such 

uncertain effects, it is essential to produce toxicity and exposure risk assessments for 

nanomaterials, even if they begin as approximations, in order to frame the issue and 

understand the size of the potential problem. 
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3.1.2.1 Abstract  

The magnitude of engineered nanomaterials (ENMs) being produced and potentially 

released to the environment is a crucial and thus far largely unknown input to any 

exposure assessment.  This work estimates upper and lower bound annual United States 

production quantities for 5 classes of ENMs.  A variety of sources were culled to identify 

companies producing the source ENM products and to determine production volumes.  

Using some refining assumptions to attribute the production levels from companies 

with more reliable estimates to companies with little to no data, ranges of possible U.S. 

production quantities were projected for each of the 5 ENMs.  The quality of the data is 

also analyzed; the percentage of companies for which data were available (via websites, 

patents, or direct communication) or unavailable (and thus extrapolated based on other 

companies’ data) is presented. 

3.1.2.2 Introduction  

The need for assessment criteria and methods to adequately capture parameters 

unique to engineered nanomaterials (ENMs) has been established within the risk 

assessment community[4, 48-50], and a growing number of studies are emerging on the 

toxicity and fate and transport of various ENMs[30, 51, 52]. However, another critical 

parameter that has received much less attention is the magnitude of ENMs that can be 

expected to reach the environment. The premise of this paper is that even the most 

thorough understanding of a nanomaterial’s pathway through the environment and its 

toxic effects will not deliver an environmentally relevant prediction of impact until it is 

known how much is physically being produced and emitted. Relevant exposure 

estimates are particularly urgent for those materials already incorporated in industrial 

and consumer products, and their risks can only be assessed if environmentally relevant 

concentrations are known.   While knowledge of naturally occurring nanoscale materials 
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is also important to provide background level concentrations, this  study focuses on 

engineered nanomaterials. 

Applying comprehensive life cycle assessment to assess the release of 

nanomaterials to the environment, across the life cycle from cradle to grave and across 

the path of a material from inception to impact, is one effective method of capturing 

impacts[53].  Releases of nanomaterials, their precursors, and their byproducts could 

occur at each life cycle stage to the air, water, soil and biota [23, 54, 55]. A complete 

model of ENM release would require knowledge of what quantities of nanomaterials 

exist and are emitted to the environment at each stage.  

To date there have been only a few studies published that begin to answer such 

questions, and by necessity these have been heavily based on broad assumptions about 

the production, use, and release of these materials to the environment.  Several such 

studies have targeted the product use/application stage of the lifecycle in their attempts 

to estimate the cumulative exposure and ultimate environmental concentrations of 

particular nanomaterials due to product use[12-14, 34]. 

Blaser et al. investigated the nano-Ag released specifically from nano-

functionalized plastics and textiles in order to compare estimated freshwater 

concentrations to predicted no-effect level concentrations (PNECs), and to arrive at a 

preliminary risk assessment for the Rhine River system[12].  Tracing the mass flows 

through environmental compartments required many broad assumptions; various 

references were applied to predict nanosilver releases from products. The conclusion is 

that no risk assessment could be carried out at the time due to the extreme uncertainty in 

the data[12].  Two key studies carried out by the Nowack lab [13, 14]also modeled the 

risks of release of nanomaterials to the environment based on mass balance of transfers 

into and between environmental compartments. The total nano-Ag production for the 

world was estimated from personal communication with one company representative, 

then multiplied by the percent of the world population being considered and 
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apportioned into product categories.  These investigative teams thoroughly mapped the 

journey of nanomaterials through their defined systems, but their conclusions cannot 

help but suffer from the immense, albeit acknowledged, uncertainty of the initial 

production quantities.  The number of assumptions necessitated by estimating the 

number of products containing ENMs and the release rates of ENMs from these 

materials increases dramatically throughout the progression of the lifecycle, because 

each lifecycle phase has more constituents and therefore more unknowns. This study 

suggests that the most accurate possible estimate of ENMs that could potentially be 

released to the environment may be one based on the production volume of raw 

nanomaterials. This work estimates U.S. production volumes for five types of ENMs: 

nanosilver (nano-Ag), carbon nanotubes (CNTs), cerium oxide (CeO2), C60 Fullerenes 

(C60), and nano titanium dioxide (nano-TiO2). These estimates are intended to enable 

future assessments of potential exposure. 

3.1.2.3 Methods 

Hundreds of nanomaterials and nano-enabled products were identified across 

the five ENM classes considered in this study. The identified products were then 

categorized by supply chain stage to distinguish the raw materials from nano-enabled 

products[56].  

Data were gathered on product types, production capacity, and on various other 

parameters used as proxies for estimating capacity of ENM production in the United 

States.  It is acknowledged that this limitation of US production misses the impact of 

imported and exported nanomaterials; as markets mature this commerce will be more 

traceable and thus can be included in future work, but for current efforts this was 

impossible. Information was collected from academic publications, professional reports, 

company websites, production process patents, and personal communication with 

company representatives.  In addition, several data sources were consulted listing both 

nanomaterials and nano-enabled products, including the Nanowerk LLC website[57], 
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The Project on Emerging Nanotechnologies Silver Nanotechnology Commercial 

Inventory[58], the Silver Institute[59], Fredonia Focus Report[60], and Lux Reports (4th & 

5th Editions)[61].  The U.S. EPA Nanomaterial Stewardship Program (NMSP) called for 

voluntary reports from companies producing nanomaterials in the US, to which 16 

companies responded[62]; a review of the detailed returned worksheets showed that 

only two included production capacity numbers.   

Professional reports provide some quantitative data about ENM markets, but 

typically focus on revenue rather than production quantity. Production methods and 

capacity volumes are often considered proprietary and were rarely shared.  Company 

websites sometimes detail production methods, but very rarely include any indication of 

production capacities. Production patents give extensive details about methods, but only 

in one case (Altair-nano TiO2) specified production capacity information [63]. Personal 

emails or to company representatives yielded the most results on the whole.   The 

company size affected the information garnered from direct inquiry. Larger companies 

that produce multiple chemicals typically have call centers where representatives may 

be more inclined to answer questions, but have access to much more generalized 

information; with smaller companies, a well-informed specialist was often accessible for 

communication, but would be usually more guarded about sharing data. 

Production Volume Data 

Since companies are rarely willing to share production volume, a variety of 

strategies were applied to estimate a range of possible values.  A systematic research 

protocol was developed for use with all five ENMs to compile company information in 

an excel format; the column headings of the spreadsheet template are listed below in 

Table 1, and tables of this form are found in the SI section for each of the five classes of 

materials in the study.  
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Table 1: ENM Company Data 

Data Column 
Heading 

Description of Data 

Source  How the company’s existence was discovered  
Company name Official company name 
Country  Headquarters and primary manufacturing 
Product Product name, type 
Website Website for the company 
Other Information 
Sources 

Often the company website itself did not offer the most 
information; in some cases marketing report sites provided the 
data 

 
To maintain a level of anonymity acceptable to companies who shared 

proprietary information, the actual production data and data quality categories are 

reported separately from the list of companies in each category of ENM.  Even being 

identified as falling within a relative size range could compromise pricing leverage 

within their market, and while such transparency would be ideal, such a requirement 

would have relegated this research to almost total speculation.  Thus data are 

summarized for each ENM in a table cleansed of company information.  

The companies were classified as either “big” or “small” to refine the production 

estimates. Proxy parameters such as possible order size or number of employees were 

sometimes used to indicate whether the company might produce at a large industrial 

scale volume or at a smaller capacity. Possible order size was sometimes estimated 

based on emails with company representatives asking a yes or no question: could a 

certain quantity of the ENM (quantity varied by ENM) be ordered for delivery next 

month?  If yes, the company was assumed to be “big”, if no, “small”. Company websites 

or market report company profiles often included number of employees or annual 

revenue as a size indicator. None of the information given by companies or websites was 

independently validated.  When using the proxy parameters to estimate production 

values and assign size bins, whichever parameter had values for the most companies 

producing a particular ENM was chosen as the indicator of company size.  For instance, 

most CeO2companies gave possible order sizes, so this was the primary method of size 
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categorization, while for nano-Ag the number of employees was the most commonly 

known linking parameter.  The production quantity cutoff between size categories was 

chosen for each ENM individually, relative to the production capacity range for that 

material.  Where no information was available beyond the fact that a company did 

produce the ENM in question, the company was assumed to be large to adhere to a 

generally conservative bias toward higher upper bounds. 

Upper and lower bound estimations were calculated for the production capacity 

of each ENM; this was determined for both the small companies (Us and Ls, respectively) 

and the big companies (Ub and Lb, respectively). The upper and lower bound production 

capacity values for each ENM were then applied across the number of companies in the 

respective size categories (s, b), so that a final upper bound (U) and lower bound (L) for 

each nanoparticle could then be calculated by: 

 

                                                           U = s*Us + b*Ub                                                                          (12) 

                                              L = s*Ls + b*Lb                                                                             (13) 

While some companies allowed access to the true production volume, 

to maintain privacy all companies are still presented as falling into ranges for the size 

category as a whole.  The nature of the data dictated that the low estimate values were 

often based on an actual number given by a company or report, whereas high estimate 

values were often either based on one very large producer or extrapolations from order 

sizes.  For example, for CNTs, if an email indicated that a requested order could be 

fulfilled in a month, the upper bound production capacity was chosen as 10 times that 

order.  The exact value chosen for this approach is subject to discussion and critique, but 

the intent was to create a plausible estimation approach with open sharing of any 

assumptions made. Based on these factors, it would be fair to surmise that the lower 

production capacity estimate may be closer to the current production volumes and that 

(

11) 

(

2) 
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the upper bound production capacity estimate may represent potential future volumes.  

In cases where very limited information was available and perhaps only an upper 

bound or lower bound could be identified, a range was still generated based on 

assuming an order of magnitude difference between these upper and lower production 

bounds.  

Data Quality 

The uncertainty inherent to these estimations is such a barrier to identifying true 

ENM production levels that it warrants explicit inclusion in the results of the research; it 

is not only important because it affects the final results, but has actually in itself become 

a key finding. The data quality results illustrate how much was known vs. assumed for 

each ENM studied.  All companies were classified into one of 4 data quality categories: 

those releasing enough information on their website for this study (‘data on website’), 

those willing to disclose information when contacted by phone or email (‘data upon 

request’), those for which production capacity had to be extrapolated from proxy 

parameters (‘extrapolation from proxy data’, or in one case specified as ‘extrapolated 

from patent’), and those for which no data could be found at all and were thus assumed 

to be big companies (‘no data’).  The percentage for each ENM in each category was 

calculated by number of companies, not by production quantity.  

3.1.2.4 Results and Discussion 

For each of the five ENMs assessed, research results are presented with respect to 

production volume estimates and data quality results.  Data quality results for each 

ENM are presented in a separate pie graph (Figures 8 – 12).  Summarized production 

volume variables and final upper and lower bound estimates can be found together 

numerically in Tables 2 and 3, respectively.  

nanoTiO2 

Titanium dioxide in its conventional form is the basis of a commoditized and 

mature market, and is used widely as a pigment and brightener in paints, varnishes, 
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lacquers, plastics, and paper[64]. At the nanoscale, the refractive index that makes it a 

good whitener is even higher; it is therefore also used in sunscreens and cosmetics as 

well as paints, varnishes, and coatings. The high reactivity is utilized for photocatalytic 

applications including self-cleaning windows and water treatment[65].   

   Nano-TiO2 is produced and sold in powdered form; it is estimated to be 

the largest volume ENM in this study, yet has the smallest number of US producers 

identified of all the materials.  Five companies were found to produce nano-TiO2 in its 

raw form in the U.S. (see Appendix B.1).  Of those five, two were willing to provide 

production information in some form.  Altairnano Inc., whose production capacity 

according to its 2003 nano-TiO2 production patent was the basis of upper bound 

projections in the literature[65], has since ceased operations and seeks to divest itself of a 

pilot production facility where production volumes are at 1/3 of the patent-projected 

capacity[63, 66].  This illustrates how even when production numbers are available, they 

can change rapidly. Nano-TiO2 results can be seen in the consolidated production data 

Table 2, and Figure 8, presenting the nano-TiO2 data quality chart. 

 

Figure 8: Nano-TiO2 Data Quality Chart 
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Data; 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Data 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nano-Ag  

The use of nanoscale silver as an antimicrobial agent can be traced as far back as 

the 4th century, and in modern society homeopathic colloidal silver solutions that likely 

contained nanoscale silver have been sold for many years[67].  Today, engineered nano-

Ag is still sold in the form of homeopathic tonics that claim to kill bacteria and viruses in 

the digestive tract, and is embedded in many other antimicrobial applications as well, 

including textiles that resist the growth of odor-causing bacteria, plastic food containers, 

medical devices, cleaning solutions, and cosmetics.  The broad spectrum of consumer 

products containing nano-Ag for use inside the body, around the home and in public 

places could clearly lead to potential exposure to nano-Ag[68]. 

Nanosilver can be produced via wet or dry chemical processes, and is sold in 

dispersed solutions as well as in powder form.  Both types of nano-Ag were included in 

the inventory; the only criteria for being a raw nanomaterial product is that the 

manufacturer fabricated the nano-scale particles in-house rather than purchasing from a 

supplier.   Ten companies were identified as producing nanosilver within the United 

States (see Appendix B.2).  Of those, two were willing to share production data and one 

provided capacity information on the company website.  The number of employees was 

the most consistently identified variable for nano-Ag, thus it was the proxy variable 

used to assign company size and therefore the production range for the companies that 

otherwise had no data.   

Representatives of nano-Ag producing companies acknowledge that their 

products do not represent a new source of nanoscale silver, citing that the colloidal 

silver that has been manufactured and sold for many years for use in antimicrobial 

tonics and the photography industry already contains some nanoscale silver particles.  

Though I was unable to verify size data regarding colloidal silver, it does stand to reason 

that the potential for nanosized silver exposure is not be limited to specifically 
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advertized nano-Ag. Nano-Ag production data can be seen in Table 2, and data quality 

is shown in Figure 9.  

 

Figure 9: Nano-Ag Data Quality Chart 

nanoCeO2 

Ceria based materials are widely used as catalysts due to their oxygen storage 

capacity. For example, CeO2 is applied to reduce NO to N2 and naphthalene to carbon 

dioxide, making it attractive candidate for an emissions controlling fuel additive[69, 70]. 

The advantages of nano-scale CeO2 support effective catalysis by minimizing the 

sintering impact, therefore improving stability and steady-state activity, by increasing 

the dispersion of active components, and by increasing chemical selectivity[71]. 

Nano-CeO2 is used widely in diesel fuels and could thus represent a potential for 

ENM exposure[72].   Twelve companies producing nano-CeO2 were identified in the 

USA, seven categorized as large and five as small (see Appendix B.3).  A notable point 

regarding the CeO2 market is that China currently produces 95% of the raw material 

cerium and tightly controls its export; as the U.S. responds to this lack of raw material 

supply by potentially re-opening closed rare earth mines in the west, an increase in U.S. 

supply may be possible.  Also interesting was that more producers of CeO2 were willing 

No data; 70% 

Data upon 
request; 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Data 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10% 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to provide data than any other nanomaterial, and that the difference between big and 

small companies was significant.  The small company production quantities were 

extremely low compared to the big companies, perhaps meeting small demands for 

exclusively laboratory testing or other small volume specialty uses.  For this reason, their 

inclusion has very little effect on the total projected market size.  Production data for 

nano-CeO2 can be found in Table 2, and data quality results are shown in Figure 10.  

 

Figure 10: Nano-CeO2 Data Quality Chart 

Carbon nanotubes 

Carbon nanotubes (CNTs) are used across a wide array of applications, including 

conductive and high-strength composites, energy storage and conversion devices, 

sensors, field emission displays, nanometer-sized semiconductor devices, probes, 

electrical interconnects, and high capacity hydrogen storage[73, 74]. 

This study did not differentiate between single and multi-wall carbon nanotubes, 

though the type of nanotube products offered by each company is listed in the 

supporting information section in SI Table 4, along with their names.  Nineteen 

companies were identified producing CNTs in the U.S., eleven categorized as big and 
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the remaining as small.  The small companies were often in the business of technology 

rather than fabrication, developing new methods for tight control of CNT properties.  

The larger companies were typically focused on producing commercial volumes of 

CNTs whose properties and manufacturing methods are well established. Much like 

nano-CeO2, the small companies produced so much less that their volumes did not affect 

the overall market size significantly.  One company, Cnano Technology, claims to 

produce up to 500 tons per year; an estimate this high essentially sets the upper bound 

on its own.  For this reason, the maximum capacity of this single big company was 

considered to be in a class of its own and was therefore not applied as the U(b) to all the 

large companies for the purposes of estimating an upper bound of U.S. annual CNT 

production.  Production data and data quality results for CNTs can be found in Table 2 

and Figure 11, respectively. 

 

Figure 11: CNT Data Quality Chart 

 

C60 fullerenes 

Since the discovery of C60, or buckminster fullerenes, in 1985, this material has 

been of great interest across a wide array of fields[75]. It has potential applicability for 
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photovoltaics, water treatment, materials science and optics, and biological applications 

such as imaging probes and drug carriers [76, 77]. 

Six companies were identified that produce C60 and other related molecules, 

including C70 and some specialty fullerenes.  Two were identified as very large 

companies while the rest were categorized as small, low revenue organizations.  

Companies producing fullerenes were found more likely to offer order size information 

on their websites, which could be utilized along with revenue information to calculate 

some scenarios for annual production quantities; however, like most organizations, none 

were willing to directly reveal their overall capacity.  Production data and data quality 

information for fullerenes can be found in Table 2 and Figure 12, respectively. 

 

Figure 12: Fullerene Data Quality Chart 

Production Estimations 

Table 2 summarizes the data for each ENM used to calculate the upper and lower 

bound estimates of annual U.S. production quantities and presents the ranges of 

production estimates for each company size. 
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Table 2: ENM Production Data 
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The projected upper bound and lower bound production quantities are 

presented below in Table 3 in tons per year, as calculated via Equations (12) and (13).  

These estimates, based on the best available data spanning sources from website 

information to direct confirmation from companies, still cover at best two and in some 

cases three orders of magnitude.  

Table 3: Estimated Upper and Lower Bounds for Annual U.S. Production of 5 ENMs 

 

The results of this study illustrate that more data will be necessary to enable the 

prediction of environmentally relevant concentrations prior to their eventual detection 

in the natural world.   Some local governments are beginning to issue calls for data 

already, including the cities of Berkeley, CA, Cambridge, MA, and Madison, WI[78, 79].  

The EPA tested their Nanomaterial Stewardship Program for voluntary reporting of 

data, with limited success[62]. These efforts show positive momentum toward collecting 

production data; however, it can be concluded that without increased reporting 

requirements, inventories of nanomaterial production quantities will continue to be 

elusive; further, without this data on the magnitude of potential releases, comprehensive 

environmental analyses of nanomaterial impacts will be hampered.  
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3.2 Estimating the Fraction of ENMs Emitted to Wastewaters (f)  
As discussed previously, the multiple assumptions necessary to calculate the 

combined flow of produced nanomaterials via many pathways into wastewater render 

this input variable particularly problematic to estimate.  There are several ways that the 

aggregated fww, hereafter simply f, might be estimated for a given system.  The first is to 

draw on data and/or judgment regarding ENM use and product properties. 

Aggregating the fractions of nanomaterials estimated for release to wastewater in 

previous models (as reviewed in Chapter 1) delivers estimates for nano-Ag ranging from 

0.38 to 0.60 and for nano-TiO2 from 0.42 to 0.64[13, 14]. A second estimation method 

would be via comparison to other industrial chemical releases.  The use of historical 

estimates of other contaminants that have been released was considered; one study 

looked at a previous substance of environmental concern, PCBs, and concluded that as 

much as 80% of PCBs produced may have entered the environment via some release 

pathway[80]. Ultimately this value was not utilized because this was considered too 



 

61 

 

wide a range to be adequately informative for this study, because the material property 

differences could have significant effects on behavior and interactions, and because this 

analysis considers wastewater in particular rather than the entire environment.  

However, other more appropriate comparisons could be utilized in the future, perhaps 

applying knowledge of f for one nanomaterial to others.  The third potential approach to 

estimating f is by direct measurements of ENM in wastewater. Based on recent 

measurements of TiO2 in wastewater influents[81] and predicted production ranges for 

nano-TiO2 as developed in section 3.1.2, a value of 0.05 can be estimated for f.  However, 

because that TiO2 was not analyzed for size and could have been conventional scale 

rather than nanoscale, the true lower bound for f is taken to be zero. 

For the current study, an upper estimate for f is chosen of 0.65 based on the first 

method of utilizing previous estimates from the literature.  This value represents the 

highest of any aggregated release fraction reported for nanomaterials to date. The lower 

estimate is chosen to be 0 based on conclusions drawn from the third method of 

consulting actual measured data.  In light of a lack of data regarding which values are 

more likely across the range from lower to upper estimate, a uniform distribution is 

applied across the wide range of 0 to 0.65.  

3.3 Estimating Population Factors  
The concentration of ENMs calculated to enter wastewater will depend on the 

allocation of produced ENMs and released to an urban watershed (or other geographical 

boundary) and the flow of receiving water (e.g. wastewater) into that system.  In this 

work, influent concentration is normalized based on ENM production and wastewater 

generated on an annual per capita basis. 
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3.3.1 Estimating Relevant Population for Nanomaterial Release (p) 

One approach considered was to apply ENM production across populations in 

urban areas (~79%), with the thought that they may utilize most ENM-enabled products; 

however, not enough is known about use patterns to substantiate such an 

assumption[82].  Another consideration was to apply ENM production across only those 

serviced by centralized water treatment (~74%); however, this may miss some users of 

stand-alone septic systems who ultimately dispose of their sludge in municipal 

wastewater plants[83]. The produced ENMs are thus applied across the entire United 

States population, in the absence of reasonable assumptions about a relevant sub-

population. As of 2009, the United States Census Bureau estimated the population at 

307,006,556[84].  A review of detailed census data revealed that this estimate is based on 

a native population of 268,489,322 with a margin of error of +/- 115,663 and a foreign-

born population of 38,517,234 with a margin of error of +/- 115,671.   I combined these 

data to arrive at a lower and upper estimate, and analyzed those together with the 

expected population to generate an average (307,006,556) and standard deviation 

(231,334) for the population parameter, to which I assigned a default normal 

distribution.   

. 

3.3.2 Estimating Water Volume per Capita (W) 

The average volume of wastewater generated per person per day in the United 

States is reported to be between 170-340 liters, with an expected value of around 265 

liters[83, 85, 86].  For lack of better knowledge on the shape of the curve, a triangular 

distribution was chosen to represent the parameter W.  Though larger values of water 

use per capita are reported by the United States Geological Survey, they include large-
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scale uses such as irrigation and industrial cooling, which are not anticipated either to be 

relevant to ENM releases or dispensed to municipal wastewater treatment plants.   

3.4 Estimating Wastewater Treatment Facility Parameters  
Operation of a WWTP may vary considerably, with important implications on 

the efficiency of liquid solid separation – and therefore ENM fate.  For this reason 

several key operational variables, including hydraulic residence time, were included as 

random variables in this analysis. The literature contains ranges of typical values that 

are used to represent the idealized wastewater treatment plant modeled here.   It should 

be noted that the wastewater treatment plant is assumed to be aerobic; values for these 

parameters would potentially differ greatly for an anaerobic process. 

3.4.1 Estimating Hydraulic Detention Time (θ)  

The hydraulic detention time, or the average length of time it takes for a 

wastewater to pass through a secondary clarifier.  Since the entire WWTP is modeled as 

a complete mixed reactor secondary clarifier for this analysis, θ is assumed to account 

for the entire time in the treatment process.  Based on the fact that the distribution must 

be truncated (time cannot be less than 0) and on recommendation in the literature 

regarding the hydrologic data, a lognormal distribution was applied to θ[19].  Its 

distribution is estimated in the literature to have a mean of 5.5 hours, or 0.229 days, and 

a standard deviation of 1.87 hours, or 0.078 days[87].   

3.4.2 Estimating Solids Detention Time (θx)  

Solids detention time refers to the average length of time that activated sludge 

solids remain in the system prior to leaving as sludge. This parameter varies more 

widely from plant to plant, with a range of reported values that was greater for θx than 

that for θ. In situations where these values can be identified but the underlying 
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distribution is unknown, triangular distribution is suggested in the literature as most 

appropriate[88].  Thus for lack of better knowledge on the shape of the curve, its 

distribution was assumed to be triangular.  As summarized from the literature and 

gleaned from expert opinion[89], its values ranged from 1-15 days, with the likeliest 

value being 10 days[87].    

3.4.3 Estimating Solids Concentration (X) 

The suspended solids concentration is an integral operational parameter for 

suspended growth aeration processes.  Its values were also reported across a wide 

distribution; again, the lack of knowledge regarding the probability distribution shape 

led to the assignment of a triangular distribution.  This most accurately captured the 

state of knowledge about this parameter because a minimum, maximum, and most 

likely value could be reasonably identified for an idealized WWTP.  In situations where 

these values can be identified but the underlying distribution is unknown, triangular 

distribution is suggested in the literature as most appropriate[88]. Values were reported 

in the literature to vary from 1000 to 6500 mg/L, with a common value of 2500 mg/L[87, 

90, 91]; expert opinion was solicited and was in agreement with these values[89].   

3.4.4 Estimating Sludge Concentration Factor (K*) 

The ratio of solids concentration in the mixed liquor to the solids concentration in 

thickened sludge is estimated based on values in the literature for relative densities of 

typical thickening processes.  For thickened (not dried) sludge, the range drawn from 

multiple sources was relatively narrow, with a mean of 2.5 and standard deviation of 

~0.25[87, 92, 93].  A lognormal distribution was applied to describe K* because of its 

relatively narrow range coupled with the fact that the distribution cannot be less than 0 

and thus must be truncated.   
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3.4.5 Estimating Sludge Density (ρsludge) 

The density of sludge refers to the density of the same thickened but not dried 

sludge as discussed for the purposes of estimating K*.  The distribution for this 

parameter was assigned in much the same way with similar justification.  The values 

found in the literature fell within a narrow range, between 1.02 and 1.4 kg solids/L 

sludge, with a mean of 1.21 and a standard deviation of 0.19[27].  This parameter cannot 

have a distribution that includes values less than zero and must be truncated; it too is 

thus described lognormally. 

3.5 Estimating Partitioning Coefficient (Kd)  
The partitioning coefficient Kd refers to the ratio of the mass of silver associated 

with solids to the mass of silver in the liquid phase.  These data were not available in the 

literature and thus were determined experimentally for four types of nano-Ag in 

activated sludge.  Values for nanosilver and for two other classes of nanomaterials, C60 

and nano-TiO2, were also measured by collaborators and reported in the literature.  

3.5.1 Laboratory Investigation: Batch Partitioning Tests  

Values for partitioning coefficients were not available in the literature.  Thus 

batch tests were carried out with nano-Ag of four different coating to study their 

partitioning behavior with activated sludge and to calculate their Kd values.  

3.5.1.1 Materials and Methods 

Samples were prepared by adding nano-Ag in deionized water (resistivity ~18 

ohm-m and total organic carbon <30 µg L-1) solution to 10 mL jars of activated sludge 

for a silver concentration of 25ppm.  The activated sludge was collected from the 

secondary clarifier at the Brown Water Treatment Plant in Durham County, North 

Carolina and stored at 4 °C for less than one week prior to sample preparation.  Total 
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solids (TS) concentrations of samples without nano-Ag were determined by following 

Standard Method 2540 B (APHA, AWWA, WEF, 2005)[94]; this concentration was 

assumed to apply across all individual samples. All experiments were conducted in 

triplicates to achieve statistically reproducible results. 

Four types of silver currently being studied within the Center for Environmental 

Implications of Nanotechnology (CEINT) were used to dose the activated sludge, and 

each was prepared in triplicate for a total of 12, 10 mL jars.  The following nano-Ag 

particles were used in this study: (1) Bare nanosilver (bare nano-Ag; no coating or 

functionalization) with average diameter of 30 nm were purchased in powder form from 

QSI-Nano® Silver (Quantum Sphere Inc., CA, USA), (2) Polyvinylpyrrolidone-coated 

nanosilver (PVP nano-Ag) with an average diameter of 10 nm was purchased in powder 

form from NanoAmor® (Los Alamos, New Mexico, USA), (3) aqueous suspension of 

citrate-coated nanosilver (Cit nano-Ag) with an average diameter of 10 nm was 

synthesized in-house in Dr. Chilkoti’s laboratory at Duke University, and (4) aqueous 

suspension of gum arabic-coated nanosilver (GA nano-Ag) with an average diameter of 

6 nm was synthesized in-house in Dr. Liu’s laboratory at Duke University. The stock 

suspension of powder nano-Ag in DI water was prepared by continuous sonication for 

20 min in an ice bath using Sonicator 4000 (Misonix, Qsonica LLC, Newton, CT, USA) 

operating at a power 89-95 W with an amplitude set at 100. 

The tightly capped jars were vortexed at 3000 rpm for 1 min to resuspend solids 

prior to adding the nano-Ag solution, then after adding nano-Ag, the contents of each jar 

were homogenized by vortexing at 3000 rpm for 2 min, and finally the combined sample 

was then allowed to settle for approximately 15 min.  The decant from each jar was 

centrifuged at 3000 rpm for 2 min and the resulting supernatant was analyzed for total 

silver content to emulate clarifier effluent after prolonged settling.  Because only the 
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silver in the water column was measured, the silver partitioned to the solids is 

calculated by subtraction and may omit any other losses of silver such as adhesion to the 

container.  For the purposes of this investigation, it is assumed that the mass of silver 

added minus the mass of silver in supernatant is equal to the mass of silver partitioned 

to solids. 

The supernatant from each sample was digested and analyzed by inductively 

coupled plasma optical emission spectroscopy (ICP OES; Prism ICP High Dispersion, 

Teledyne Leeman Labs, Hudson, NH, USA) to determine the concentration of silver, in 

accordance with EPA standard method 200.8. 

3.5.1.2 Results and Discussion 

Values for Kd here are shown based on comparing the mass of silver in the 

centrifuged supernatant to the mass of silver assumed by subtraction to be associated 

with the activated sludge solids. Detailed experimental data can be found in Appendix 

C, where C.1 shows the data on total solids in activated sludge and C.2 shows the data 

on silver remaining in supernatant and associated with sludge. Average Kd values 

calculated from the experimental data are shown in Table 4, along with the standard 

deviation between the three measurements taken in each case. 

Table 4: Experimentally Derived Partitioning Coefficients for Nano-Ag with Four 
Different Surface Chemistries 

 

3.5.2 Literature Review and Collaborator Data  

Beyond differences among nanomaterials of the same type, it will be interesting 

to compare differences between nanomaterials of different types to support future 
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research prioritization efforts.  Data from a recent study by Kiser and Westerhoff and 

from additional raw data provided by the authors were utilized to estimate Kd values for 

comparison of GA nano-Ag, nano-TiO2 and C60[95]. GA nano-Ag was chosen as the basis 

for comparison because, as will be seen in Chapter 5, it is projected to remain in the 

wastewater effluent at higher concentrations than silver of other surface chemistries.  

Thus of the types of silver considered it represents the least-removed by wastewater 

treatment, and is chosen here for conservative purposes. Though the experiments and 

calculations carried out by Kiser and Westerhoff at Arizona State University (ASU) were 

not identical to the methods used herein to determine Kd values, it is possible to draw on 

their generously shared raw data to arrive at values for use in this model. While I 

performed single batch partitioning tests with activated sludge taken directly from the 

secondary clarifier of a wastewater treatment plant, they took measurements at a variety 

of solids concentrations to arrive at a sorption isotherm.  Further, while I considered 

total solids (TS) concentration in this model, they tested several different concentrations 

total suspended solids (TSS) so that direct comparison to the activated sludge used in 

this work was not possible.  However, despite these differences, the Kd value for gum 

arabic-coated nano-Ag (at 400 mg TSS/L) was also found in the ASU data to be 0.002 

L/mg. Table 5 shows the values calculated from Kiser and Westerhoff’s raw data for 

three nanomaterial Kd values.  There were not error bounds included in the data, so to 

avoid over-claiming certainty I applied a standard deviation to each measurement that 

was proportional to the average standard deviation found in my experimental silver 

data.  These assumptions and their statistics could clearly benefit from additional batch 

sorption experimentation under parallel conditions, but for how they enable preliminary 

calculations of sorption coefficients. Table 5 shows the Kd values utilized in the model 

when comparing across GA nano-Ag, nano-TiO2, and C60. 
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Table 5: Partition Coefficients Assumed for Three Classes of Nanomaterials 
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3.6 Summary of Parameter Estimation 
Table 6: Wastewater & System Parameters 

Parameter Parameter Description Variable 
Type 

Values Units Ref. 

p United States Population  Normal Mean: 307,006,556,  
St. Dev.: 231,334 persons [84] 

W Daily water usage per capita Triangular Range: 170-340, Likeliest: 265 L/person/day [83, 85, 86] 
Mass produced annually in U.S. of:  
nano-TiO2  

Uniform 7,800,000 – 38,000,000  kg/year 
: nano-Ag Uniform 2,800 – 20,000  kg/year 
: nano-CeO2 Uniform 35,000 – 700,000 kg/year 
: CNT Uniform 55,000 – 1,101,000 kg/year 

S 

: C60 Uniform 2,000 – 80,000 kg/year 

In process 
of 
submission 

f Fraction of nanomaterials released 
to wastewater Uniform 0 -0.65  - [80, 81, 96] 

 
θ Hydraulic detention time  Lognormal Mean: 0.229, St. Dev.: 0.078 days [87] 
θs Solids detention time Triangular Range: 1-15, Likeliest: 10 days [87] 
X Solids concentration (MLVSS) Triangular Range: 1000-6500, Likeliest: 2500 mg/L [87, 90, 91] 
K* Concentration factor for sludge Lognormal Mean: 2.5, St. Dev.: 0.25 - [87, 92, 93] 
ρsludge Sludge density Lognormal Mean: 1.21, St. Dev.:0.19 kg/L [27] 

Partition coefficient: bare nano-Ag Lognormal Mean: 0.029, St. Dev.: 0.003 L/mg 
: PVP-coated nano-Ag Lognormal Mean: 0.030, St. Dev.: 0.003 L/mg 
: Citrate-coated nano-Ag Lognormal Mean: 0.007, St. Dev.: 0.001 L/mg 
: Gum arabic-coated nano-Ag Lognormal Mean: 0.002, St. Dev.: 0.0002 L/mg 

Lab data 
presented 
herein 

: nano-TiO2  Lognormal Mean: 0.00074, St. Dev.:0.000055  L/mg 

Kd 
 

: C60 Lognormal Mean: 0.01878, St. Dev.:0.00141  L/mg 
Raw data 
from Kiser, 
[96] 
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4. Probabilistic Estimation of Nanomaterial 
Concentrations in Wastewater Effluent and Sludge  

4.1 Overview 

A linear model was derived in Chapter 2 describing the concentration of a 

nanomaterial in wastewater effluent and sludge as a function of wastewater treatment 

parameters, nanomaterial-specific adsorption characteristics, and quantitative estimates 

of nanomaterial releases to wastewater. Monte Carlo simulations were run for the model 

as defined in Chapter 2, based on the parameters as defined in Chapter 3, with 10.000 

trials.  

As explained in Chapter 1, Monte Carlo simulations are highly sensitive to the 

distributions of their input variables.  Because probability distributions were carefully 

chosen to reflect the amount of knowledge available for each variable, several inputs 

were given wide-ranging uniform distributions.  The uncertainty of the system is 

accounted for through assignment of these ranges of values.  This as well as the 

variability and uncertainty of other input parameters results in a wide probability 

distribution with great variability around the mean estimated value.  

For each simulated nanomaterial concentration in the figures below, the mean 

value of the simulation is shown with error bars representing the 5% and 95% 

confidence interval values.  That is, the lower error bound represents the concentration 

below which only 5% of the model-simulated concentration estimates fall, and the upper 

error bound represents the concentration below which 95% of the model-simulated 

estimates fell.  These confidence intervals are heavily skewed such that distance between 

the mean and the 95% error is much greater than for the 5% error.  As will be illustrated 

in some representative distribution plots, these uneven error bars are a manifestation of 
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the fact that all ENM concentration distributions were skewed to the right, and were 

best fit with lognormal or gamma distributions.  

4.2 Modeled Wastewater Fate for Nano-Ag with Four Different 
Surface Chemistries   

Effluent and sludge concentrations were probabilistically estimated and 

compared for nano-Ag with four different surface chemistries.  The following sections 

present the estimated mean values and 95% confidence interval values for bare nano-Ag, 

PVP nano-Ag, Cit nano-Ag, and GA nano-Ag.  

4.2.1 Estimations for Nano-Ag Concentration in Wastewater 
Treatment Plant Effluent 

Two plots are included below showing samples of the simulated distributions for 

effluent concentrations resulting from a Monte Carlo simulation with 10,000 trials.  

Figure 13 displays the probability distribution of the average effluent concentration (Ce) 

if the entire nano-Ag production were in the form of bare particles and Figure 14 

displays the Ce if the entire production were in the form of GA nano-Ag.  As is the case 

for all the predicted concentrations, the probability distributions are skewed to the right; 

bare nano-Ag is best fit with a gamma distribution, while GA nano-Ag is best fit with a 

lognormal distribution.  The “forecast values” as defined in the Crystal Ball system and 

as shown in the plots below do not imply futurity despite their automatically defined 

name; instead they are simulation values. 
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Figure 13: Probability Distribution for Bare Nano-Ag Concentration in Wastewater 
Effluent 

 

Figure 14: Probability Distribution for GA Nano-Ag Concentration in Wastewater 
Effluent 
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Figure 15 shows the mean estimated effluent concentrations and 95% confidence 

interval values for the four nano-Ag types, in each case assuming that the entirety of 

U.S. nano-Ag production was comprised of the coating type under consideration. These 

data are also summarized in Table 7. The detailed statistical results of the Monte Carlo 

simulation estimating the silver concentration in wastewater effluent are presented in 

Appendix D, Section D.1. The concentration of bare nano-Ag in wastewater effluent is 

predicted to be the lowest, followed by PVP nano-Ag, then Cit nano-Ag, then GA nano-

Ag, whose mean is two orders of magnitude higher than that of bare nano-Ag. Ninety-

five percent of the 10,000 simulated values fell below 0.24 µg/L for GA nano-Ag, which 

was the highest predicted effluent concentration; 95% of values for bare nano-Ag fell 

below 0.007 µg/L, which was the lowest of the four. 

It appears that the addition of some coatings to the nano-Ag particles lowers the 

Kd values and may have the effect of reducing the quantity of ENMs removed to 

wastewater sludge.  
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Figure 15: Simulated Mean Nano-Ag Effluent Concentrations with 95% Confidence 
Interval Errors 

4.2.2 Estimations for Nano-Ag Concentration in Wastewater 
Treatment Plant Sludge  

Again for wastewater sludge concentrations, two plots are included showing the 

shape of the distribution for both bare nano-Ag (Figure 16) and GA coated nano-Ag 

(Figure 17). The probability distributions are similarly skewed to the right, and again 

bare nano-Ag is best fit with a gamma distribution while GA nano-Ag is best fit with a 

lognormal distribution.  
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Figure 16: Probability Distribution for Bare Nano-Ag Concentration in Wastewater 
Sludge 

 

Figure 17: Probability Distribution for GA Nano-Ag Concentration in Wastewater 
Sludge 



 

77 

 

Figure 18 shows the mean estimated concentrations along with the 95% sludge 

concentration confidence interval values for the four nano-Ag types; again, these data 

are summarized in Table 7 as well.  The detailed statistical results of the Monte Carlo 

simulation estimating the silver concentration in wastewater sludge are presented in 

Appendix D, Section D.2. As might be predicted based on the relative effluent 

concentrations, the concentrations of bare nano-Ag in wastewater sludge are predicted 

to be the highest, followed by PVP nano-Ag, then Cit nano-Ag, then GA nano-Ag, 

whose mean is one order of magnitude lower than that of bare nano-Ag. Ninety-five 

percent of the 10,000 simulated values fell below 0.11 µg/L for GA nano-Ag, which was 

the lowest of the predicted sludge concentration; 95% of values for bare nano-Ag fell 

below 0.26 µg/L, which was the highest of the four. 

 

Figure 18: Simulated Mean Nano-Ag Sludge Concentrations with 95% Confidence 
Interval Errors 
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Table 7: Simulated Nano-Ag Concentration Results Table 

 

4.3 Modeled Wastewater Fate for Three Different Nanomaterials    
The same simulation settings were used to generate predicted probability 

distributions for three classes of nanomaterials based on the parameters as defined in 

Chapter 3: nano-Ag, nano-TiO2, and C60.  Both bare and GA nano-Ag are included so as 

to represent the full range of simulated nano-Ag concentrations in both effluent and 

sludge. For these results, simulated concentrations are also shown for a fictional case in 

which the value of S is known to be exactly double the current upper bound projection 

for U.S. production levels.  This projection represents concentrations that are unlikely to 

be exceeded even given a doubling of current production levels; this could also 

represent and approach to considering the impact of net imports, which are not 

currently known.  Thus the doubled production levels could also reflect a higher 

concentration limit for the hypothetical case that the U.S. imports as much of an ENM as 

it produces. 

4.3.1 Estimations for Nano-Ag, Nano-TiO2, and C60 Concentration in 
Wastewater Treatment Plant Effluent  

Figure 19 shows the estimated mean concentration values for effluent 

concentrations of bare and GA nano-Ag, nano-TiO2, and C60., along with error bars 

representing the 5% and 95% confidence interval values. Mean estimated concentrations 

for both effluent and sludge are presented in Table 8, again with the concentrations 
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below which 5% and 95% of the simulated results fell. The detailed statistical results of 

the Monte Carlo simulation estimating the ENM concentration in wastewater effluent 

are presented in Appendix D, Section D.3. The concentrations of nano-Ag and C60 in 

wastewater effluent are predicted to be lower than nano-TiO2, which is expected to be 

orders of magnitude higher; this is largely a function of its much higher relative 

production rates.  For this reason, nano-TiO2 is the only material in Figure 15 displayed 

with units of mg/L. 

Also notated in Figure 19 are a range of predicted no effect concentration (PNEC) 

values found in the literature for aquatic media; in each case the lowest and thus most 

conservative PNEC value is displayed for comparison to estimated concentrations.  For 

nano-Ag the reported values of PNECs ranged from 20 µg/L (for B. subtilis) to 40 µg/L 

(for E. coli)[97].  These were an order of magnitude or more higher than all simulated 

estimates for nano-Ag effluent concentrations.  However, it is worth noting that PNEC 

values for ionic Ag have been estimated as low as 0.0001 µg/L[12, 98]; future work to 

characterize the form of Ag found in both effluent and sludge could indicate whether 

the ionic PNEC is relevant to risk conclusions.  For nano-TiO2, the lowest PNEC value 

found in the literature was 1µg/L (0.001 mg/L) [99, 100], for daphnia and algae. Other 

reports found PNEC values as high as 40 µg/L. All simulated estimates of nano-TiO2 

concentration in effluents exceed these estimated PNEC levels.  For fullerenes, PNEC 

values have been reported as low as 0.2 µg/L for daphnia [101].  All estimated values for 

the current estimated concentration and the doubled production scenario exceed this 

value.  
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Figure 19: Estimated ENM Effluent Concentrations with 95% Confidence Interval 
Values at Current Production & at Double the Projected Upper Bound of Current 
Production 

4.3.2 Estimations for Nano-Ag, Nano-TiO2, and C60 Concentration in 
Wastewater Treatment Plant Sludge  

Mean estimated sludge concentrations are presented in Table 8 along with the 

95% confidence interval values. Figure 20 shows these sludge concentrations for bare 

and GA nano-Ag, nano-TiO2, and C60 along with, again, the concentrations in the case of 

doubled production. The detailed statistical results of the Monte Carlo simulation 

estimating the ENM concentrations in wastewater sludge are presented in Appendix D, 

Section D.4. Similar to the effluent concentrations, bare nano-Ag, GA nano-Ag and C60 

are predicted to be present at lower mean concentrations in sludge than nano-TiO2, 

which is again estimated at orders of magnitude higher and is thus the only material in 

Figure 20 represented in mg/kg. 
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Also notated are PNEC values found in the literature for each of the 

nanomaterials soils/sediments, because no studies were identified that tested toxicity 

directly in wastewater treatment sludge. For nano-TiO2, the lowest PNEC value found in 

the literature was 1000 µg/kg for the terrestrial arthropod Porcellio scaber [102]; the same 

PNEC of 1000 µg/kg was found for fullerenes on soil microbial communities[103].  No 

values for nano-Ag PNEC were found for soils, sediments or sludge.  All simulated 

sludge concentrations for nano-TiO2 and for fullerenes fall at least an order of 

magnitude less than this value; moreover, soil concentrations can be expected to be more 

dilute than sludge concentrations, as sludge is mixed with existing topsoil when applied 

for agricultural use.  

 

 

Figure 20: Estimated ENM Sludge Concentrations with 95% Confidence Interval 
Values at Current Production & at Double the Projected Upper Bound of Current 
Production 
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Table 8: Simulated ENM Concentration Results Table 

 

4.4 Sensitivity Analysis    
A sensitivity analysis is included to study the manner in which the outputs of the 

probabilistic model (Cs and Ce) are affected by changes in the values of the key input 

parameters.  Figures 21-26 below present the sensitivity analysis results in the form of 

tornado charts, which graphically depict the effects on the estimated output value when 

a single input parameter is changed to its 5% and 95% confidence interval values.  The 

bars on these charts show the output value of the model (when solved linearly rather 

than simulated with Monte Carlo Methods), while one parameter takes on the 5% and 

95% values from its probability distribution, and all other parameters are held to their 

median values.   The longer the corresponding bar in the chart, the greater the sensitivity 

of the model to changes in that parameter.  This sensitivity is affected both by the range 

of the probability distribution for a given input parameter and by the mathematical 

relationships of the input variables within the model.  Knowledge of which input 

parameters have the greatest impact on model output can help with making choices 

about which parameters to research further in order to reduce uncertainty in the 

estimates or to better control the parameter value.  

4.4.1 Relative Variable Influence for Effluent Concentration 

Sensitivity charts are presented here for the three classes of ENMs considered: 

nano-Ag (bare nano-Ag as a representative type), fullerenes, and nano-TiO2, to illustrate 
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that for all three materials, the ranking of most influential variables is very similar.  The 

model was most sensitive to the fraction of ENM released to wastewater, f, and the 

amount produced, S, in each case.  The impact of the uniform distributions for these 

variables can be seen in that they have equal effect on the model when at their 95% value 

(upside) and 5% value (downside).  The most wastewater treatment plant parameters 

fell behind those two with some variation in rankings. And though the laboratory work 

presented in this analysis has been shown that partitioning coefficient Kd does impact 

ENM fate, the model is not extremely sensitive to this parameter for any of the cases.  

This analysis suggests that better knowledge of f and S (a narrower range of values or 

more informative distribution shape) would decrease the variance in the output variable 

Ce. 

 

Figure 21: Tornado Chart for Bare Nano-Ag Ce 
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Figure 22: Tornado Chart for Fullerene Ce 

 

Figure 23: Tornado Chart for Nano-TiO2 Ce 
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4.4.2 Relative Variable Influence for Sludge Concentration 

The relative sensitivity of estimated sludge concentration to input variables was 

similar between all three classes of ENMs as well.  This time the output was most 

influenced by changes in solids detention time, θx.  Lowering θx to the 5% value on its 

triangular distribution results in a much higher sludge concentration; that is, if the 

sludge leaves the WWTP soon after ENMs partition to solids and settle out, there is less 

time for additional solids that are not associated with ENMs to accumulate and thicken 

in the sludge, thereby “diluting” the sludge concentration.  The second most influential 

factor was still the fraction of ENM released to wastewater, f.  Variation in total 

production quantity contributed to significant changes in model output, but did not 

rank as high as it did for effluent concentration.  This suggests that better knowledge of 

θx could improve the estimation of Cs, and that avoiding short solids detention times 

may lower Cs values.  This sensitivity analysis also reinforces the idea that better 

knowledge of f would help narrow the range of values in the estimated ENM 

concentrations, both in Ce and Cs.  
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Figure 24: Tornado Chart for Bare Nano-Ag Cs 

 

Figure 25: Tornado Chart for Fullerene Cs 
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Figure 26: Tornado Chart for Nano-TiO2 Cs 

 

4.5 Contour Plots 
Some estimated ENM concentrations are presented below in a series of contour 

plots to more clearly illustrate some of the implications of this analysis. These graphs 

depict the concentration of an ENM as a function of the fraction released to wastewater, 

f, and the partition coefficient, Kd, under the condition of known production quantity, S 

(in this case, the mean value of the uniform distribution applied in the Monte Carlo 

simulation).  Though perfect production information remains unavailable, the contour 

plots based on an assumption of average S value allow for consideration of various 

scenarios for f across various known Kd values.  Figures 27-29 show contour plots for 

nano-Ag.  In Figure 27, it can be seen that the effluent concentration of silver is greater 
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for smaller Kd values, while the inverse is shown in Figure 28 for sludge concentration.  

In both cases, of course, the resulting concentrations are higher if f is larger.   

It is possible to glean some broad conclusions from these results.  For example, if 

aquatic exposure to nano-Ag were to be of more concern than sludge terrestrial 

exposure via sludge, these plots suggest that the design and use of nano-Ag with higher 

partitioning coefficients could result in higher removal efficiencies.   With respect to f, it 

may be that incorporating nano-Ag into more stable solid matrices or other formats that 

mitigate its release to wastewater would be a potential approach to controlling effluent 

and sludge concentrations.  

 

Figure 27: Estimated Nano-Ag Ce as a Function of f and Kd 
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Figure 28: Estimated Nano-Ag Cs as a Function of f and Kd 

In Figure 29, the effluent concentration is based on an annual nano-Ag 

production quantity of 80,000 kg/year, 4 times the highest value of the range given in 

Table 6.  This value was chosen because at this level it becomes possible for the 

estimated effluent concentration to exceed the lowest reported PNEC value of 20µg/L.   

There is no evidence that this is a likely production quantity, but it is relevant to 

illustrate the usefulness of understanding which input parameters could be adjusted to 

affect output, especially in cases where there is potential to exceed known hazardous 

values.   
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Figure 29: Nano-Ag Ce (Quadrupled Production) as a Function of f and Kd 

Figure 30 depicts the estimated fullerene concentration given the mean value of 

the current estimated production range.  As was shown in Figure 19, the lowest 

published PNEC of 0.2µg/L could be exceeded given its measured Kd value and a value 

for f above about 3.5.  This plot indicates that it may be worth researching the design of 

fullerenes with higher (and stable) partition coefficients, or directing resources to better 

predict or even control their release to wastewater (lower f).   

The effluent values of nano-TiO2 are predicted to exceed the lowest reported 

PNEC value of 0.01µg/L by orders of magnitude, as previously discussed and as shown 

again in Figure 31. Further research on both f and on production quantity, S, may be 

warranted to improve model estimates. However, at current mean production levels, not 

even a very low f or a value of Kd two orders of magnitude higher than the one 

estimated here would result in a Ce lower than the PNEC. If these predictions are borne 

out in actual measurements, this may suggest that additional treatment technologies 

would be required to specifically aid in nano-TiO2 removal from wastewater. 
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Figure 30: Estimated Fullerene Ce as a Function of f and Kd 

 

Figure 31: Estimated Nano-TiO2 Ce as a Function of f and Kd 
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4.6 Comparison with Other Estimates  
These estimated values are compared here with results of other efforts to 

estimate concentrations of ENMs as shown in Table 9 (Effluent Concentrations) and 10 

(Sludge Concentrations).  As can be seen, in some cases the estimates are within the 

same order of magnitude, while in others they differ by several.  One way in which the 

results are similar to previous model results is that the estimated distributions are often 

skewed heavily to the right, with a longer tail toward the higher estimates.  In particular, 

the estimated effluent concentration for fullerenes matches very closely with some 

previous predictions, sharing nearly the exact range with the model of Gottschalk et 

al[14]. 

For instance, the model predicts a much higher effluent concentration of nano-

TiO2 than any of its contemporaries as well as a lower sludge concentration.  One 

possible cause of this divergence may be the wide range of values in the uniform 

assumptions applied to the values of S and f.  The advantage of having a minimized 

number of input variables is that these two can be targeted for refinement to reduce 

uncertainty, rather than guessing which of several hundred assumptions might be 

responsible for model error.  

Another cause of divergence is that this model is based on experimental data 

utilized to determine Kd values for nano-Ag (presented in Chapter 3 in laboratory 

results) and for nano-TiO2 and C60 (also presented in Chapter 3, but based on shared 

laboratory results of collaborators).  The well-articulated assumptions of the Gottschalk 

model[14] state that fate in the WWTP was determined by assuming 90-96% of all the 

metal nanoparticles considered were to be removed to sludge.  The authors based this 

removal rate on a paper that studied exclusively cerium oxide nanoparticles[104], and 
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assumed that those results applied to all metal oxide nanoparticles.  This removal rate 

assumption is not supported by the laboratory data in this study. Compared with the 

high degree of nano-Ag removal found experimentally, the Kd value of nano-TiO2 was 

considerably lower and much less of it associated with sludge. Again with C60, the 

assumption of other models was nearly complete sedimentation, whereas the Kd values 

determined experimentally for fullerenes did not indicate this to be the case.  Further 

experimentation in a real system would help determine whether the experimental 

results for Kd hold beyond laboratory tests and predict removal under a variety of 

experimental conditions.  

In other cases this model falls within the same order of magnitude as others.  

Wide variability is seen across the various models; only upon rigorous collection of real 

system data will true model validation and refinement be possible. 
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Table 9: Comparison of Modeled Effluent Concentrations to Previous Estimates 

Effluent (µg/L) Predicted Nano‐Ag  
Concentrations  Primary Estimate  Range 

Differences 

Lab: Bare nano‐Ag  0.0024  Mean  0.0001‐0.0076  5%‐95%   Partitioning based on Kd experiments 

Lab: PVP nano‐Ag  0.0193  Mean  0.001‐0.589  5%‐95%   Partitioning based on Kd experiments 

Lab: Cit nano‐Ag  0.0519  Mean  0.003‐0.147  5%‐95%   Partitioning based on Kd experiments 

Lab: GA nano‐Ag  0.0898  Mean  0.007‐0.236  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  0.021  Mode  0.0164‐0.0747  15%‐85%  Partitioning based on assumption that all metal 
nanoparticles are 90‐96% removed 

Blaser[12]  0.140  Intermediate 
Scenario 

0.040‐0.320  Min \ Max 
Scenarios 

River water 

Mueller[13]  No primary  0.03‐0.08  Low \ High 
Estimates 

Water in general, in Switzerland 
 

Boxall, Tiede[34, 105]  0.01  Only value  No range given  Water in general 

Effluent (µg/L) Predicted Nano‐TiO2 
Concentrations  Primary Estimate   Range 

Differences 

Lab  213  Mean  18.07‐521.3  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  1.75  Mode  1.37‐6.70  15%‐85%  Partitioning based on assumption that metal 
nanoparticles are 90‐96% removed 

Mueller[13]  No primary  0.7‐16  Low \ High 
Estimates 

Water in general, in Switzerland   

Boxall, Tiede[34, 105]  24.5  Only value  No range given  Water in general 

Effluent (µg/L) Predicted Fullerenes 
Concentrations  Primary Estimate  Range 

Differences 

Lab  0.1010  Mean  0.004‐0.32  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  0.0046  Mode  0.0049‐0.0327  15%‐85%  Partitioning based on assumption of ~100% 
partitioning to sediments  

Boxall, Tiede[34, 105]  0.3100  Only value  No range given  Water in general 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Table 10: Comparison of Modeled Sludge Concentrations to Previous Estimates 

Sludge (µg/kg) Predicted Nano‐Ag  
Concentrations  Primary Estimate  Range 

Differences 

Lab: Bare nano‐Ag  0.0853  Mean  0.005‐0.259  5%‐95%   Partitioning based on Kd experiments 

Lab: PVP nano‐Ag  0.0734  Mean  0.004‐0.223  5%‐95%   Partitioning based on Kd experiments 

Lab: Cit nano‐Ag  0.0540  Mean  0.003‐0.173  5%‐95%   Partitioning based on Kd experiments 

Lab: GA nano‐Ag  0.0320  Mean  0.001‐0.109  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  1550  Mode  1290‐5860  15%‐85%  Partitioning based on assumption of 90‐96% removal of metal 
nanoparticles to sludge  

Blaser[12]  9.36  Intermediate 
Scenario 

2.08‐18.72  Min\Max Scenarios  (Estimated concentration in sewage treatment plant by liquid 
volume) * (average ρsludge as used in this analysis) 

Mueller[13]  No primary  0.02‐0.1  Low\High Estimates  Soil in general, in Switzerland 

Boxall, Tiede[34, 105]  0.43  Only value  No range given  Soil in general 

Sludge (µg/kg) Predicted Nano‐TiO2 
Concentrations 

Primary Estimate  Range 

Differences 

Lab   25.1  Mean  0.923‐87.1  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  137,000  Mode  107,000‐
523,000 

15%‐85%  Partitioning based on assumption of 90‐96% removal of metal 
nanoparticles to sludge  

Mueller[13]  No primary  0.4‐4.8  Low\High Estimates  Soil in general, in Switzerland 

Boxall, Tiede[34, 105]  1030  Only value  No range given  Soil in general 

Sludge (µg/kg) Predicted Fullerenes 
Concentrations  Primary Estimate  Range 

Differences 

Lab  0.25  Mean  0.001‐0.80  5%‐95%   Partitioning based on Kd experiments 

Gottschalk[14]  10  Mode  9.3‐68  15%‐85%  Partitioning based on assumption of ~100% partitioning to 
sediments  

Boxall, Tiede[34, 105]  13.10  Only value  No range given  Soil in general 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5. Conclusions 

5.1 Interpreting Simulation Results 
With current input parameter data, concentrations in wastewater effluent and 

sludge are estimated by a wide probability distribution with great variability around the 

mean estimated value.  

In such a case it is necessary to ask ourselves what can realistically be concluded 

from the results as modeled. It is clearly not reasonable to presume that the mean 

resultant value from these simulations will be the true value of actual nanomaterial 

concentrations found in wastewater effluents or sludge samples. However, the results 

can tell us something valuable about the likely limits of current nanomaterial 

concentrations, enabling prioritization of research needs. 

In the future, the model may be able to generate more accurate predictions upon 

further research into specific model parameters as discussed in following sections.  

5.2 Relevant Ranges of Environmental Concentrations 
Given the current state of knowledge and the streamlined model of the 

partitioning in a WWTP between effluent and sludge, this model suggests that 95% of 

the estimated concentrations for effluent will fall below 0.12 µg/L (referencing GA nano-

Ag, which had the highest predicted concentration). Similarly, simulations show that 

95% of estimated sludge concentrations will fall below 0.35 µg/L (referencing bare nano-

Ag, which was the most effectively removed and had the highest predicted sludge 

concentration).  Though it is not prudent to conclude that sampled effluents or sludge 

concentrations will reveal these concentrations of nano-Ag, it would be plausible to 

consider these as relevant concentrations in the interpretation of ecotoxicological tests.  

As the field of nanotechnology risk assessment moves forward in tandem, the values 
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reported in this work could also aid in interpreting toxicity tests, moving away from 

guesses or wild upper bounds toward meaningful yet conservatively high estimates of 

environmentally relevant concentrations. 

5.3 Research Prioritization 
The relative estimated values presented offer insight as to which nanomaterials 

and which characteristics of nanomaterials might be important to prioritize for further 

investigate. The relative exposure predictions overlayed with predicted no effect 

concentrations from the literature suggest directional evidence for where exposure and 

hazard might coincide to represent real environmental risk from nanomaterials.  Though 

mean estimated fullerene concentrations in wastewater effluents fell below the lowest 

PNEC in the literature, the 95% limit was higher, as were, of course, the mean and 95% 

limits in the case of doubling current production.  All simulated values for nano-TiO2 

were above the PNEC values found in literature.  On the other hand, all modeled values 

for wastewater sludge fell below the PNECs reported thus far. These results provide 

grounds for informing decisions on next steps for research in a number of ways. 

5.3.1 Prioritizing Nanomaterials to Investigate 

From a strictly exposure-based viewpoint, nano-TiO2 emerges as the frontrunner 

for near-term attention, with predicted concentrations at several orders of magnitude 

higher than nano-Ag or C60 in both effluent and sludge, due to its much higher predicted 

annual production levels.  Perhaps detailed investigation of the true value of f would be 

a high priority research goal, because these results show that it is important to better 

estimate how much of the nano-TiO2 that is produced and used in the U.S. is truly 

emitted to wastewater.  From a more complete risk perspective, taking into account both 

exposure and hazard by including PNEC data, it appears that both nano-TiO2 and C60 
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may be of interest for near-term study in effluents as some of their simulated 

concentrations already exceed safe levels.  

5.3.2 Prioritizing Nanomaterial Characteristics to Investigate 

Beyond prioritizing between nanomaterials for future research, this study 

illustrates that certain characteristics of nanomaterials within an individual type may be 

important for further investigation.   

The differing sorption characteristics of the four nano-Ag types affect their 

behavior wastewater treatment; the results as shown in Chapter 4 indicate that GA 

nano-Ag may remain in effluent at concentrations up to an order of magnitude higher 

than bare nano-Ag.  This leads us to conclude that coatings may have significant impact 

on the environmental fate of a material, calling into question the entire concept of 

predicting impacts of nano-Ag as a whole.  

To further investigate the true influence of coatings, additional experiments are 

needed to simulate real wastewater treatment environments. As explained in Chapter 2, 

transformations were ignored in the partitioning model within the wastewater treatment 

plant, with the only mechanism by which nano-Ag leaves the suspension assumed to be 

via adsorption to the activated sludge.  Additionally, Kd values were determined 

through experiments with pristine nanoparticles introduced directly to jars with 

activated sludge samples.  In reality, it is unknown how the microbial communities in 

real wastewater treatment plants will interact with these particles during treatment and 

whether the coatings may be removed to some extent along their journey.  Other 

transformations may also occur once silver is associated with either effluent or sludge, 

affecting whether the silver actually remains in nanoparticle form.  Ionization was not 

considered in these studies and is likely to play a role.  Investigations have also shown 

that nano-Ag in particular can complex with sulfur in real wastewater treatment 
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sludge[106].  In light of this discovery, it cannot be predicted from these results how 

much of the silver that partitions to sludge may be nano-Ag by the time it is applied to 

soils. 

For the prioritized nanomaterials, perhaps nano-TiO2 in this case, the knowledge 

that higher Kd values may result in higher removal rates provides a potential direction 

for mitigation, should that become necessary. Because the highest predicted sludge 

concentration is still less than half of the lowest PNEC value in the literature, it is 

possible that intentional design of nano-TiO2 particles with persistent coatings that raise 

the Kd value could be an option for reducing the effluent concentrations.   

5.4 Approaches to Reducing Model Uncertainty 
The most obvious way to diminish uncertainty of simulated estimates is to 

improve knowledge of the input variables. The prioritization discussed in section 5.3 

addressed how the current estimates might be used to rank which materials and 

characteristics should be targeted first.  In addition to improving the sources of input 

data with uniform distributions (S, f), some steps could be taken to improve model 

accuracy. 

5.4.1 Analyze Covariance of Wastewater Treatment Parameters 

All model variables were independent, with the highest correlation coefficient 

falling below 0.03.  However, it is likely that in a real wastewater system, some of the 

wastewater treatment design parameters will be somewhat correlated.  If real data were 

available from a specific water treatment plant, it would be more possible to represent 

correlations between variables in a covariance matrix. For example, it would make sense 

that the solids retention time would have some relationship with K*, the relative 

concentration of solids in the suspension and in the sludge.  One can imagine that if the 
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solids remain in the system for a longer period of time, more solids would have time to 

settle and perhaps compact, driving the value of K* higher.  If this scenario were borne 

out in data from a real operating wastewater treatment plant, it would be possible to 

rule out the coincidence of very long solids retention times with very low concentration 

factors.   The simulation could then be bounded to sample intelligently from 

distributions, such that the random sampling of related distributions can be more tightly 

controlled.  Real system data would provide a valid basis to calculate such correlations, 

and acknowledging this bounding during the random sampling process would then 

provide estimates with lower variance.  

5.4.2 Introduce Bayesian Inference Methods to Refine f 

The output of this model is the concentration of nanomaterials in effluent and in 

sludge, which are both important pieces of data for estimating potential exposure since 

wastewater effluent is released to natural waters while sludge is applied to agricultural 

lands[92, 107]. Since it is not feasible to measure nanomaterial concentrations in all 

sludge as it leaves wastewater treatment plants, approaches must be found to estimate 

this value.  However, as seen in the above model, estimation of this value depends on 

several variables that are uniformly distributed (S and f).  It has been argued above that 

one of these variables in particular, f, the fraction of nanomaterial production that 

ultimately ends up in wastewater, can never feasibly be measured or estimated with 

sufficient accuracy.  Indeed, a uniform distribution of 0-0.65 was applied.  It would 

therefore be useful to utilize this model to learn about and refine the variable f, so that 

the learned distribution could be applied to predict future values of Ce and Cs.  Although 

it is acknowledged that Cs cannot always be measured, it is possible to measure Cs for 

enough cases to generate a data set.  In this case, the Monte Carlo generated predictive 

distribution for Cs would become a prior distribution of the mean concentration.  The 
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true Cs data could be used to update and arrive at a posterior distribution for the model 

to refine the current uniform distribution of f, about which very little is known and 

which contributes greatly to the estimate variance.  This would allow better estimates of 

emissions, and in turn, improve future predictions of environmentally relevant 

concentrations. 
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Appendix A 
This appendix includes the supporting information section that is available 

online in support of Robichaud et al. 2009, “Estimates of upper bounds and trends in 

nano-TiO2 production as a basis for exposure assessment.” 

A.1 Detailed Search Methodology 
The relevant variables are d (a document to be ranked according to the 

probability of relevancy), N (size of the set of all documents), t (a term that indexes a 

document), Q (set of relevant terms, thought to be useful in identifying relevant 

documents) and R (size of the certainty subset of relevant documents, which may or 

may not exist). If R does exist, it is a predetermined set composed of documents that 

have been verified as relevant.  

Also, for each t Qi ∈ , n is the number of documents in N indexed by ti  and r is 

the number of such documents in R. There are two important values in this 

methodology. Robertson and Jones propose the formula: 

w t
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R r

n r

N R n r
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, which is a ranking measuring the 

importance of term t for finding a relevant document. Then, for any document d, a 

weighted sum can be calculated of all terms ti that index d. This weighted sum, which 

measures how relevant document d is, is denoted by )(
)1(

)( tw
fLk
fkdW

dt td

t ⋅
+⋅

⋅+
= ∑

→∀

, 

where tf  is the number of times t appears in document d, dL  is the normalized 

document length (the length of the document, measured by m, which is the number of 

words that make up the document divided by the average document length in the 
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sample), and k is the calibration constant with a default value set to 1. All documents are 

then sorted by relevancy, and observations ranked above a certain threshold are chosen. 

A set of relative terms were used to determine the TiO2 subset, consisting of titanium 

dioxide (and variants, such as TiO2 or titanium oxide) and a number of closely related 

terms such as titania, rutile and anatase. 

 

A.2 Worldwide Ti ore sources and TiO2 production by process 

 

A.3 Historical bulk TiO2 use by product sector 
Note that after 2001, the rubber product segment was included in plastics[64].  
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A.4 Growth of nano-TiO2-related journal articles and patents as a 
portion of all TiO2-related journal articles and patents 

A ratio was determined between the observations found only by the phrase 

Titanium Dioxide (including alternative representations like TiO2 or titaniumdioxide) 

and observations found by appearance of the phrase Titanium Dioxide and/or any 

related phrases (titania, rutile or anatase).   
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A.5 Estimated total TiO2 production 
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A.6 TiO2 Prices obtained from company and USGS data [45]. 
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Appendix B 
This appendix includes the supporting information section that is available 

online in support of the manuscript submitted by Ogilvie-Hendren et al. 2010, 

“Estimating Production Data for Five Engineered Nanomaterials as a Basis for Exposure 

Assessment.” 

B.1 Nano-TiO2 Company Information 

 
 



 

108 

 

B.2 Nano-Ag Company Information 
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B.3 Nano-CeO2 Company Information 
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B.4 CNT Company Information 
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B.5 Fullerenes (Mainly C60) Company Information 
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Appendix C 

C.1 Total Solids in Activated Sludge Data 

 

C.2 Batch Sorption Experimental Results 
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Appendix D 

D.1 Monte Carlo Simulation Results: Nano-Ags in Effluent (µg/L) 

 

D.2 Monte Carlo Simulation Results: Nano-Ags in Sludge (µg/kg) 
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D.3 Monte Carlo Simulation Results: ENMs in Effluent (µg/L) 

 

D.4 Monte Carlo Simulation Results: ENMs in Sludge (µg/kg) 
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