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e.g. Bioaccumulation: competing rates of chemical uptake and 

elimination including bioconcentration and biomagnification

Mechanistic models

Air breathing organismsWater respiring organisms

Water

Fecal egestion

Metabolic biotransformation

Growth 

dilution
Diet

Air

Fecal egestion & 

urinary excretion

Metabolic biotransformation

Growth 

dilution

Diet & 

water

Offspring & 

lactation

Environ Sci & Technol 42, 4648-4654



Sea waterFreshwater

Sediment

Forest 

canopy

Forest soil

Marine 

Sediment

Atmosphere

Soil

Non-steady state models predicting 

exposure to  organic contaminants

the physical environment the biological environment
Example: 

Multimedia box model CoZMo-POP

Example: 

Human food chain accumulation model ACC-human

Wania et al., 2005 Czub et al., 2004



CoZMo-MAN 
(a linked fate and bioaccumulation model)
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- Models from emissions to exposure of top predators

- Freely accessible (http://www.utsc.utoronto.ca/)

- LRI financed
Breivik et al., 2010



1. Groundtruthing

• Compare model predictions with 
observations

• Build confidence in models

• Can lend credibility to (or question):

- monitoring data

- physical chemical properties

- emissions estimates

• Discover areas of ignorance
Cowan-Ellsberry et al., 2009

Strategies for using exposure models



2. Confronting uncertainty

• Quantify the uncertainty in model output

• Bound estimates of exposure

• Direct efforts to improve model estimates

Cowan-Ellsberry et al., 2009

Strategies for using exposure models



3. Benchmarking

• Compare a chemical’s fate and 
bioaccumulation to that of a well 
characterized (benchmark) chemical in a 
standardized scenario with identical 
emissions

Cowan-Ellsberry et al., 2009

Strategies for using exposure models



4. Predicting

• Predict concentrations in endpoints given 
known emissions

Cowan-Ellsberry et al., 2009

Strategies for using exposure models



5. Forecasting 

• Predict future time trends based on 
existing emissions information, 
particularly in remote regions

Cowan-Ellsberry et al., 2009

Strategies for using exposure models



Strategies for using exposure models

6. Scenario testing

• Test how different risk management 
options will influence exposure 
in the future

Cowan-Ellsberry et al., 2009
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Environmental fate/transport, distribution, 

degradation, food web bioaccumulation and 

exposure to humans

Chemical emissions

Groundtruthing: 

From emissions to top predators

Mackay  2001 



Predicting concentrations from emissions:
PCB 118 in the Baltic

Breivik et al., 2009



Benchmarking exposure for 

PBTs / POPs 

• Compare known POPs, known non-
POPs, and candidate POPs

• Same emission of each chemical (1 kg/h)

• Compare human body burden



POP benchmarking 
Human exposure in remote region
(including biotransformation in food web)
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Domain of Applicability

• The models work reasonably well for 
neutral, hydrophobic chemicals

• What about polar, non-ionized 
substances?

K
lipid air

Partitioning

spLFER

Klipid-air = 0.9 KOA

ppLFER

Klipid-air = eE + lL + sS + aA + bB + c



Air

(sp)

Air

(pp)

Can.

(sp)

Can.

(pp)

Soil 

(sp)

Soil 

(pp)

Water 

(sp)

Water 

(pp)

Seds 

(sp)

Seds

(pp)

Benzophenone 0.12 0.12 1.49 1.45 34.49 39.43 62.73 57.34 1.17 1.66

3,4-Dichlorophenol 0.16 0.16 2.18 2.34 44.07 35.82 50.95 60.30 2.64 1.38

1,4,5,8-

tetrachloronaphthalene 1.08 1.22 11.68 13.59 67.53 74.45 1.87 1.61 17.83 9.13

PCB-155 0.99 0.97 11.12 11.56 64.03 65.89 3.20 2.96 20.65 18.62

Ibuprofen 0.01 0.00 3.05 3.09 58.88 50.16 36.17 45.48 1.90 1.26

Octhilinone 0.01 0.01 2.54 2.52 52.99 58.63 43.04 36.81 1.42 2.03

PCB-207 0.64 0.45 11.65 13.11 49.88 45.64 2.26 2.66 35.57 38.14

1,2,3,4,5,6,8-

heptachloronaphthalene 0.70 0.57 11.54 13.67 51.62 50.57 2.07 2.36 34.07 32.83

Comparing spLFER and ppLFER model 

predictions of chemical distribution in the 

physical environment 

Brown and Wania, 2009
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Comparison of spLFER and ppLFER 
predictions of partitioning to muscle



Screening industrial chemicals for 
exposure

• In the past we have most commonly 
identified organic environmental 
contaminants after long use and by 
“chance”

• Can we find a more systematic way of 
identifying them, particularly prior to 
extensive usage?



The list of chemicals to screen

ESIS N %

HPVC (> 1,000 t/yr) 2,781 26.2

LPVC (10 - 1,000 t/yr) 7,829 73.8

SUM (> 10 t/yr) 10,610 100

US-EPA IUR 
2006

N
(2006)

%

> 453,592 t/yr 371 6.4

22,680-453,592
t/yr

175 3.0

4,536-22,680 t/yr 588 10.1

454-4,536 t/yr 1,372 23.6

227-454 t/yr 560 9.6

<227 t/yr 2,748 47.3

SUM (> 0 t/yr) 5,814 100
Japan N %

1,000,000 –
10,000,000 t/yr

14 2.1

100,000 – 1,000,000 
t/yr

47 7.1

10,000 – 100,000 t/yr 126 18.9

1,000 – 10,000 t/yr 478 71.9

SUM (> 1,000 t/yr) 665 100

CDSL N %

HPVC (> 1,000 t/yr) 2,026 18.4

LPVC (1 - 1,000 t/yr) 9,013 91.6

SUM (> 1 t/yr) 11,039 100

OECD N %

> 1,000 t/yr 4,843 100

All lists N %

24,142 100

12,619 unique chemical structures

for organics
Arnot et al., in prep



The linked steady-state model 

RAIDAR

Environ Sci & Technol 40, 2316-2323 (V.1.0) Environ Sci & Technol 42, 4648-4654 (V.2.0)
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Input requirements

• Emissions

• Partitioning properties: KOW &KAW

• Reaction half-lives (HL): air, water, soil, sediment 

• Biotransformation half-lives in vertebrates



Specific emissions factors based on Industrial 

Category (IC) and Use Categor (UC)  data

Emissions from various stages of the life-cycle 

are further distinguished by differences in p/c 

properties. 

Reviewed for ~2800 ESIS chemicals (and very 

recently, for ~4200 substances included in SPIN 

(use categories only).

For substances with no information on IC/UC 

etc, the default profile (fig below) is applied to 

derive a mean emission estimate.

Estimating emissions

Batch EU TGD emission model



Estimating emissions to Air

Breivik et al., in prep



Atmospheric reaction half-lives ~4%

Water and soil half-lives = 12 chemicals!

Lab tests of chemical degradation <7% 

Lab BCF data in fish, i.e., no dietary uptake, <4%

Physical-chemical properties

Vapour pressure <5%; Aqueous solubility <5%; KOW <10%

Measured chemical property data 
availability for organic chemicals on 
Canada’s DSL (~11,300)



Partitioning properties 

and multimedia half-lives
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Biotransformation half-life predictions

log(HL Npred) = 0.82 log(HL Nexp) + 0.09

r
2
 = 0.82; LOO q

2
 = 0.75; MAE 0.38
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Metabolic biotransformation 

HL in fish using a QSAR



Initial ranking of industrial chemicals 
according to human exposure

Arnot et al., in prep



Initial ranking of industrial chemicals 
according to human exposure

Next step: evaluate using monitoring data

Arnot et al., in prep



Identifying the sources of uncertainty
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Sources of uncertainty in predicted exposure 
of humans to industrial chemicals
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Arnot et al., in prep
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Reduction of uncertainty
enabling decision making

• Linked, non-steady state models solidify 
understanding of time trends

• Modeling exposure with respect to chemical 
benchmarks can reduce uncertainty

• Models can be used for polar non-ionic chemicals 
with reasonable confidence

• Exposure modeling can now be used for high 
throughput screening of industrial chemicals

• Future efforts to reduce uncertainty must address 
emissions and biotransformation rates
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