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Abstract
This study presents an evaluation of three screening-level models, namely the Dilution Factor (DF) model from
1996, the update version from 2005, as well as the Johnson and Ettinger model (JEM) from 1997, that are applied
within the frameworks for contaminated land management (CLM) in Sweden. This evaluation applies, besides a
deterministic approach (point estimate), a probabilistic assessment plus sensitivity analysis. The latter approach
allows the models to be ranked according to conservatism, accuracy and parsimony by contrasting predicted and
observed soil and indoor air concentrations for two contaminants (benzene and ethylbenzene), as to determine
their suitability for application within CLM. The results and conclusions from this study suggest that the most
accurately model for predicting the soil and indoor concentration is the JEM followed by the DF 2005 and 1996.
Predictions of the soil air concentration are primarily driven by variation in physico-chemical parameters. The
variation in indoor air concentration by physico-chemical and/or soil parameters for the DF models, while for the
JEM soil parameters dominate. The deterministic analysis showed that default parameter values could be revised
as to increase the conservatism, and be closer to the probabilistic 95-percentile predicted indoor air concentration.
The DF 1996 model includes a limited number of parameters, and this analysis shows that a model with more
parameters is more accurate, and less conservative. The DF 2005 seems to be the most parsimonious model as it
is accurate, sufficiently conservative, and has 14 parameters, whereas the DF 1996 with 9 parameters is the most
conservative and the JEM with 27 parameters the most accurate with an increased probability to produce false
negative predictions. For the latter some of the dominant parameters cannot easily be measured on site.
Keywords: accuracy, conservatism, parsimony, vapour, intrusion, model, Sweden
1. Introduction
In Sweden contaminated soils are regulated by the Sweden Environmental Protection Agency (S-EPA), who issued
guideline values in 1996 as part of their assessment framework for contaminated land management (CLM), which
was expanded in 1998 to include petrol stations (S-EPA, 1996; 1998). The framework includes tiered risk
assessment and triggers for remedial actions, allowing the owner of the site and S-EPA to either set priorities or
determine the need for risk reduction.
The generic exposure model as described in S-EPA (1996) and resulting guideline values are applicable for typical
Swedish land-use and are sufficiently conservative based on the precautionary principle. If generic guideline values
do not apply (for example if site conditions, such as building type, differ) a site specific assessment should be
conducted. For consistency reasons a model for the prediction of site specific concentrations and exposure (S-EPA,
2005a) was issued, and includes lists of typical parameter values (physical and chemical, bioconcentration factors,
(eco)toxicological reference values), as well as background concentrations and exposure. The 2005 model includes
more parameters in comparison to the 1996 model, which increases the parsimony (predict with the fewest possible
assumptions). The S-EPA published a supplementary guidance to risk assessment of contaminated areas (S-EPA,
2005b; 2009) that advises on how to adapt the model to site specific conditions. Additional information on the
approach in Sweden can be found in Carlon et al. (2007), and its progress on managing contaminated land in van
Liedekerke et al. (2014).
The parameters needed to run the model from 1996 include measured concentrations in soil and groundwater,
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resulting in phase distribution. The model does not include sorption and degradation during transport, which in
turn is mainly driven by soil properties. The 1996 and adapted 1995 model are both used for the derivation of
general and site specific guideline values. Model predictions can be made for different land-use types (for example
industrial area, considered less sensitive, or residential area, considered sensitive) and routes (for example
consumption of locally grown vegetables and groundwater, or inhalation of air contaminated by vapour intrusion).
Exposure from the different routes are summed and compared to toxicological reference values, like the Tolerable
Daily Intake (mg/kg.bw.day) for oral exposure, and Reference Concentration (mg/m3) for inhalation exposure. The
reader is referred, for a description of the legal framework, scientific basis, technical approach, receptors taken
into account and the derivation method for guideline values, to reports on contaminated land management in
Sweden (S-EPA, 1996; 1998; 2005a; 2005b; 2009, Carlon et al., 2007).
Risk assessment of contaminated soils is associated with variation and implies the use of models within an
assessment framework. Models are applied to predict a point estimate of for example the soil and indoor air
concentration based on a set of default parameters, also called the deterministic approach. This framework should
provide sufficient conservatism in protecting the general public health, as well as adequately discriminate between
sites that need further action, which raises the issue of accuracy (Hers, 2004; Fitzgerald, 2009). The Swedish
guidelines do not reflect a worst case scenario, but aims to protect most individuals (±95%) (Öberg, 2006; Sanders,
Bergback & Öberg, 2006).
A major pathway of exposure is inhalation by humans of indoor air that is contaminated, resulting from nearby
buried sub-surface volatile chemicals. Soil vapour can enter a building and, if contaminated, affect the indoor air
quality negatively (Kaplan et al., 1993; Fugler & Adomait, 1997). Predictions the indoor air concentration in a
building and the related human exposure is convoluted and is influenced by physico-chemical, environmental and
building factors, which are subject to variation (McAlary et al., 2011; Provoost et al., 2010). As opposed to a
deterministic approach, variation can be included in a probabilistic approach by computing probability distribution
functions that propagate to a distribution of predicted air concentrations. The probabilistic approach, which
includes a sensitivity analysis, gives insight into what parameters drive the predicted outcomes, and the effect of
variation thereon.
The Swedish Dilution Factor model from 1996 (S-EPA, 1996) and the Johnson and Ettinger model (Johnson and
Ettinger, 1991; 1997), both frequently used within the framework of CLM in Sweden, were assessed for their
accuracy and conservatism by Provoost et al. (2008, 2010, 2013) and via a probabilistic approach by Provoost et
al (2014). However, the peer-reviewed literature does not include research on the Swedish Dilution Factor model
from 2005 (S-EPA, 2005a). The model was not investigated for accuracy, conservatism or parsimony for regulatory
purposes.
Different models can be selected depending on the context it is used in, so regulators may want to use a model
with a sufficient level of conservatism, while those that caused the contamination may desire predicted indoor air
concentrations that are very accurate (McAlary and Johnson, 2009, Provoost et al. 2013). Thus, the purpose of this
study is to rank the three vapour intrusion (VI) models for their accuracy, conservatism and parsimony, so allow
users to make a better informed decision on what model to apply.
Chapter 2 describes the models used for this study and gives further information of the contaminated site that
provides input for the observed air concentrations. Chapter 3 defines the terms accuracy, conservatism and
parsimony in relation to the deterministic and probabilistic approach. Chapter 4 provide the results, and chapter 5
and 6 the conclusion and discussion, followed by further research needs.
2. Description of the Models and Site
2.1 Description of the Three Models
2.1.1 Swedish Dilution Factor Model from 1996
In 1996 the S-EPA issued a framework for risk management within contaminated land management. The guidance
contains models and data to be used for the derivation of generic guideline values, when exceeded indicate a
possible effect on human health and/or the environment (S-EPA, 1996). The guideline includes multiple routes of
exposure to humans, and for volatile organic compounds (VOC) the vapour intrusion (VI) route dominates the
exposure. The model for VI, hereafter called DF SE 1996, is a dilution factor (DF) between the source in the soil
and the indoor air as shown in Figure 1.
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Figure 1. Conceptual model for the 1996 DF model from Sweden
The transport process is based on diffusion, and because of uncertainty the source concentration is assumed to be
constant over time and thus conservative. Equilibrium fugacity of the VOC is assumed between the solid phase,
pore water, and soil air. Equilibrium between the pore water and soil air is predicted by using the Henry’s constant
(vapour pressure and solubility). Soil and contaminant properties are used to predict the soil air concentration,
from which the indoor air concentration is calculated by applying a DF. The below formulas indicate the default
parameter value where applicable. A default parameter value is used for the volume and ventilation rate of the
single compartment building.
The concentration in pore water (Cw) is calculated from the total concentration of the contaminant in the soil (Cs)
by using the formula:
C =C × K +

(

× )

(1)

Where the Kd is the distribution coefficient soil-water (l/kg), θw the soil water content (0.3 dm³ water/dm³ soil), θa
the soil air content (0.2 dm³ air/dm³ soil), H the Henry’s constant (-) and the ρb the dry soil bulk density (1.5
kg/dm³).
If the distribution coefficient soil-water (Kd) is not provided it is calculated from:
K =K ×f
(2)
Where Kd is the distribution coefficient soil-water (l/kg), Koc is the distribution factor between water and organic
carbon (l/kg) and foc the organic carbon content of the soil (0.02 -) by weight.
The soil pore air concentration is calculation via the formula:
C =H×C
(3)
Where Ca is the vapour concentration in air (mg/dm³), H Henry’s constant (-) and Cw the concentration in pore
water (mg/dm³).
The concentration in the indoor air (Cia) is given by:
C = C × DF
(4)
Where Cia is the concentration in the indoor air (mg/dm³), Ca the vapour concentration in air (mg/dm³) and the DFia
the dilution factor for indoor air to soil air (-).
The DFia is derived from empirical data from MDEP (1994) and the default was set to 1:20 000. The DFia can be
adapted to the floor type. The DFia for an open floor basement was put on 1:5 000 and for a concrete basement
floor about 1:70 000.
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2.1.2 Swedish Dilution Factor model from 2005
In 2005 the model for calculating soil screening values (SSV), hereafter called SE DF 2005, underwent a revision.
The main difference is the DF for VI which is calculated instead of assumed to be a fixed factor of 1:20 000. The
calculation of the DFia from equation 4 was adapted, and now includes dimensions of the building and temporal
perspective (S-EPA, 2005a) and allows the model to be used for site specific assessments.
The model assumes that a zone of influence (Cd) is situated directly under the floor as indicated in Figure 2. The
concentration in the building (Chus) depends on the volume of the building (Vhus), surface floor (A), concentration
in the Cd and the soil air intrusion in the building (La).

Figure 2. Conceptual model for the 2005 model from Sweden
The depth of the contaminant (Z) influences the flux of soil vapour (D) to Cd. D is a function of the porosity and
water content of the soil and is related to the concentration of the contaminant in the soil pore air in the
contaminated zone (Ca). The calculation of Ca uses as well equations 1-3, while the DF for indoor air to soil air
(DFia) is given by:
DF =

×

×

×

×

(5)

×

Where DFia is the dilution factor for indoor air to soil air (-), A the surface floor (100 m²), D soil vapour flux
(m²/day), La the soil air vapour intrusion in the building (2.4 m³/day), Vhus the volume of the building (240 m³), l
the indoor air exchange rate (12/day or 0.5/hour), and Z the depth of the contaminant (0.35 m).
The diffusion of vapour in the soil is estimated via:
(

)

D=D ×

(6)

Where D is the diffusion (m²/day), D0 the diffusion in air (0.7 m²/day or 8.10-6 m²/s), θa air filled porosity (0.1 -),
ε total soil porosity (0.4 -).
The DF as presented above does not take into account the reduction as a result of temporal depletion of the
contaminant. Contaminants for which the VI is an important route of exposure often have a low Kd and a high
Henry constant, resulting in a depletion of the contaminant closest to the zone of influence under the building. This
might result in reduced temporal indoor air concentrations. To account for this effect the model as applied by the
US EPA was incorporated (US EPA, 1996) and depends on the chemical specific physico-chemical parameters.
The model calculates an average soil air concentration over 5 years and the formula is given below.
DF

=

×

×2×

×
×
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Where DFSSL is the time specific DF (-), A the surface floor (100 m²), Vhus the volume of the building (240 m³), l
the indoor air exchange rate (12/day or 0.5/hour), Da the apparent diffusion (m²/day), Pi π (3.14), T time (1825
days), θw the soil water content (0.3 dm³ water/dm³ soil), H the Henry’s constant (-), θa the soil air content (0.2
dm³ air/dm³ soil), Kd is the distribution coefficient soil-water (l/kg) and ρb the dry soil bulk density (1.5 kg/dm³).
The apparent diffusion (Da) is calculated from:
D =

×

(8)

Where Da is the apparent diffusion (m²/day), D the diffusion (m²/day), ρb the dry soil bulk density (1.5 kg/dm³),
Kd is the distribution coefficient soil-water (l/kg), H Henry’s constant (-), θw the soil water content (0.3 dm³
water/dm³ soil) and θa the soil air content (0.2 dm³ air/dm³ soil).
The overall DF (DFia,inne) is then calculated by combining the DF from equation 4 with 7:
DF

,

=

(9)

Where DFia,inne is the overall dilution factor, DFia the DF for indoor air to soil air, and DFSSL the time specific DF
(-).
The overall DF accounts for diffusion through an uncontaminated soil layer (DFia) and for dilution due to depletion
of the soil layer closest to the zone of influence (DFSSL). The indoor air concentration is then calculated by applying:
C = C × DF ,
(10)
Where Cia is the concentration in the indoor air (mg/dm³), Ca the vapour concentration in air (mg/dm³) and the
DFia,inne the overall dilution factor for indoor air to soil air (-).
2.1.3 Johnson and Ettinger model from 1991
In 1998 the US EPA developed a model, hereafter called JEM, to predict the indoor air concentrations as a result
of sub-surface contamination. The model is based on publications from Johnson and Ettinger (1991; 1997) and
Johnson et al. (1999). The Johnson and Ettinger model, hereafter called JEM, includes both diffusion and
convection as transport of vapour to the indoor air, as indicated in Figure 3.

Figure 3. Conceptual model for the 1991 JEM
The model allows the user to include a set of site-specific data as well as parameters related to physico-chemical,
soil and building properties. The general model is given below:
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Where α is the dilution factor between soil air and indoor air (-), D the total overall effective diffusion coefficient
(cm²/s), AB the area of the enclosed space (cm²), Qbuilding the ventilation rate (cm³/s), LT the source-building
separation (cm), Qsoil the volume flow rate of soil gas into the enclosed space (cm³/s), Lcrack the enclosed space
foundation thickness (cm), Dcrack the effective diffusion coefficient through the cracks (cm²/s), and Acrack the area
of total cracks (cm²) (US EPA, 2004).
2.2 Description of the Site
Few well-documented site, with sufficient temporal and spatial data to contrast predictions and observations, are
available in the public domain. From those available a site situated in the city Vilvoorde (Belgium) was selected,
as it was used for over 30 years by the coating industry to produce paints and varnishes, resulting in a contamination
with volatile aromatic and chlorinated hydrocarbons.
At the source of the contamination the soil as well as the groundwater is contaminated. The migration of the plume
shows a near-surface and deep groundwater contamination (Provoost et al., 2014). The conceptual site model
(CSM) revealed that the aromatic hydrocarbons benzene (hereafter BE) and ethylbenzene (hereafter EB) were the
contaminants of concern, given their concentrations ranges in the soil. Therefore the dominant route for exposure
of humans is considered to be migration of soil vapour to the building (indoor air), resulting from sub-surface soil
contamination. The soil was on average 1.5 m thick, with sandy-loam near the sub-surface and a loamy soil at
groundwater level. The building floor was made out of concrete with an average thickness of 0.3 m (with cracks
and gaps). The vadose zone contaminated covers around 4 000 m2, has an estimated volume of 50 000 m³, with an
average benzene concentrations of 408 mg/kg soil and 491 mg/kg soil for ethylbenzene. The volume of
contaminated groundwater is around 63 000 m³ with an average concentration of 1 330 mg/l benzene and 580 g/l
ethylbenzene. Samples were taken in the building overlying the vadose zone contamination. For more details on
the site, CSM and observed concentrations the reader is referred to Provoost et al. (2002, 2014), and upon request
the full study report Bronders et al. (2000) can be made available.
3. Methodology
3.1 Approaches and Visualization
3.1.1 Deterministic Approach
The deterministic approach requires the selection of a single value for each of the model parameters to arrive at a
conservative predicted air concentration. Consequently, model parameters were adjusted to specific conditions on
the site, such as the soil type, contaminant concentration and its depth below ground level, and volume of the
building. This approach is usually applied by risk assessors within a CLM framework, and results in a point value
for exposure.
However, model parameters have variation, so the deterministic approach obscures the propagation of either
uncertainty or variability to the predicted air concentrations (Ragas et al., 2009). Consequently deterministically
predicted concentrations do not consider the range or likelihood of the outcomes, so may underestimate the
exposure risk (false negative prediction) (Krupnick et al., 2006). To address this shortcoming a probabilistic
approach was applied.
3.1.2 Probabilistic Approach
A probabilistic approach is an assessment that produces a distribution for the predicted air concentration, generally
by assigning a probability distribution function to represent variability or uncertainty in input parameters (EPA,
2001). Furthermore, predicting VOC exposure as a result of inhaling of indoor air is subject to variation, which
has various sources. The first source is variation in model parameters (1), which in turn are either uncertain or
variable. A parameter can be uncertain because insufficient data is obtained to derive a value. An example is the
fraction organic carbon in the soil, which is not routinely measured during field investigations, but rather estimated
from the soil organic matter. Parameters can also vary because they describe a population with different values,
for example the thickness of the concrete floor in the building. Variability on the contrary cannot be reduced by
gathering more data (Cullen & Frey, 1999; Finley & Paustenbach, 1994; McKone & Bogen, 1990). Other source
are uncertainty related to the model itself (2), scenario uncertainty (in the application of the model) (3) and
uncertainty due to simplification relevant for a given decision context (4). The probabilistic approach used in this
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study address parameter variation only (source 1), because models are applied as made available with their specific
scenarios (source 2 and 3) and simplification (source 4). This approach requires the user to consider uncertainty,
variability and interdependencies of parameters and includes various probability distribution functions in the
prediction (van der Sluijs et al., 2004), and allows a sensitivity analysis of the dominant parameters, effect of
variation therein.
As indicated in chapter 2 three VI models were selected for this study, and were made available in a spreadsheet
version, as to allow for the calculation of probabilistic distributions of the predicted air concentration. For the
probabilistic approach a Monte Carlo simulation (Hammersley & Hanscomb, 1964; McKone & Ryan, 1989; EPA,
2001) was applied, by utilizing the add-in to Excel® named Crystal Ball® (Crystal Ball, 2000), for which each
parameter distribution function is sampled 10 000 times. The sensitivity analysis, as part of the probabilistic
approach, provides insight in how variation, because of variability and uncertainty in input parameters, propagate
through the model into variation of the predicted air concentration (Hammersley & Hanscomb, 1964; McKone &
Ryan, 1989; Provoost et al., 2014). The probability distribution function for model parameters were derived from
the literature as well as from the site investigation report.
3.1.3 Visualisation of the Results
The graphical representation of the deterministic and probabilistic approach, including the sensitivity analysis, are
visualized by box-and-whisker plot, bar charts and tables. A plot is provided for each combination of contaminant
(benzene or ethylbenzene), model (DF SE 1996, 2005 or JEM) and medium (soil air or indoor air).
The plots display the minimum and maximum, 25, 75 and 95-percentile (x) and median (□) predicted soil or indoor
air concentration. Each plots displays the predicted deterministic concentration (○) and, in the case of the indoor
air concentration, for reason of comparison, the tolerable concentration in air (TCA) (). For both contaminants
the observed soil and indoor air concentrations are shown for comparison with the predictions. The plots provide
an insight in the spread (difference between the whiskers minimum and maximum concentration), and the midspread (the middle 50 % of the predicted concentrations), also called inter-quartile range. The location of the
median value relative to the 25 and 75 quartiles value indicates the amount of asymmetry in the data, also called
skewness (Provoost et al, 2014).
The results from the sensitivity analysis are displayed via tables indicating for each of the contaminants and model
the contribution of dominant parameters.
A graph containing the outcome of the three statistical criteria (RMSE, ME or CMR, as defined below) for each
combination of contaminant (BE and EB) and model (DF SE 1996, 2005 or JEM) provides a measure for the inter
model accuracy for predicted indoor air concentrations.
3.2 Defining Terms
3.2.1 Accuracy
The accuracy of a model is defined as the difference between the predicted and observed (soil or indoor) air
concentrations, and the closer the proximity the more accurate the model (Hers et al., 2002; Warmink et al., 2010;
Provoost et al, 2010). Within this context the accuracy of a model is defined by applying three statistical criteria,
namely the maximum relative error (ME), root mean squared error (RMSE) and coefficient of residual mass
(CRM), as proposed by Loague and Green (1991). The lower the score, which is unitless, for a criterion, the more
accurate a model predicts concentrations in close proximity to the observed concentrations, and are thus a measure
for the precision. The three criteria are defined below, where the O means the observed concentration, P the
predicted concentration, and n the number of pairs (observation and prediction).
Maximum relative Error (ME):
ME =

max in=1 [abs (O i − Pi )]
−

O

(12)

The ME provides the maximum difference between the O and P concentrations.
Root Mean Squared Error (RMSE):
n

 (O

i

i =1

− Pi )

2

n

RMSE = 100

−

O
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The RMSE provides a measure of the average difference between all O and P concentrations.
Coefficient of Residual Mass (CRM):
n
 n

 Oi −  Pi 
i =1
i =1


CRM = −
n
 Oi
i =1

(14)

The CRM provides a measure whether the model over- or under-predicts in comparison to observations. If the
CRM has a negative (–) value the predicted concentration by the model under-predicts in relation to the observed
concentration and inversely.
3.2.2 Conservatism
The conservatism is defined as to what extent the predicted air concentration reflects variation as a result of
variability or uncertainty in model parameters (Eklund & Burrows, 2009; Johnston & MacDonald, 2010; Labieniec
et al., 1996), while maintaining a 95-percentile level of protection. Hereto, the 95-percentile predicted
concentration of the probabilistic distribution is used as an adequate level of protection (US EPA, 2001; Ferguson,
1999). The conservatism is determined by comparing the deterministically predicted concentration with the 95percentile value of the probabilistic distribution (Provoost et al. 2014).
3.2.3 Parsimony
A parsimonious model accomplishes a desired level of prediction with as few parameters as possible (Pitt & Myung,
2002), or as “simple as possible, as complex as necessary” (Bilitewski B. et al, 2013). In relation to the probabilistic
approach, a parsimonious model obtains the simplest model possible, that explains as much of the variation in
indoor air as possible (Coles, 2001).
For that reason, the number of model parameters was used as a measure for the parsimony of the models under
investigation. Preference is given to a model which is parsimonious while still accurate and sufficiently
conservative. The 1996 DF model and new 2005 VI model, both from Sweden, and the US-EPA 1991 JEM,
includes respectively 9, 14 and 27 model parameters.
4. Results
4.1 Probabilistic Analysis
4.1.1 Soil Air

Figure 4. Box-and-whisker plots for predicted and observed soil air concentration by model and contaminant
x 95-percentile,
observations.



deterministic value, □ median, BE benzene, EB ethylbenzene, 10 000 predictions, 35
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The ranges for the predicted concentrations cover the observed ranges and reveal that the mid-spread of predictions
and observations are within 1 order of magnitude (OOM). The median and deterministic predicted soil air
concentrations are in the mid-range, therefore close proximity. Deterministic predicted concentrations tend to be
slightly lower than the median predicted concentration, with the exception of the JEM for ethylbenzene.
The 95-percentile predicted concentrations are ±1 OOM higher than the deterministic predicted concentration,
which indicates a low conservatism (level of protection). The predicted and observed concentrations are not much
skewed.
4.1.2 Indoor Air

Figure 5. Box-and-whisker plots for predicted and observed indoor air concentration by model and contaminant
x 95-percentile,  deterministic value, □ median,  tolerable concentration in air (TCA), BE benzene, EB
ethylbenzene, 10 000 predictions, 52 observations.
The ranges for the predicted concentration are higher when compared to the observed ranges, with the exception
of the JEM for BE. The ranges and mid-spread of predictions and observations differ more than 1 OOM. The
median and deterministic predicted indoor air concentrations are in the mid-spread, therefore close proximity.
Deterministic predicted concentrations are in close proximity to the median predicted concentration. The 95percentile predicted concentration is 1 to 2 OOM higher than the deterministic predicted concentration, which
indicates a low conservatism (level of protection). The predicted and observed concentrations are slightly skewed.
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4.2 Sensitivity Analysis
4.2.1 Soil air

Figure 6. Contribution of groups of model parameters to the variation in predicted soil air concentration by
model and contaminant
BE benzene, EB ethylbenzene.
The below table 1 provides more details for each of the model parameter groups.
Table 1. Contribution of model parameters to the variation in the predicted soil air concentration by model and
contaminant
Contaminant
Model
Physico-chemical parameters
Henry constant (at ref. T)
initial soil concentration
octanol-water partition coefficient
organic carbon-water coefficient
diffusivity in air
diffusivity in water
pure component water solubility
Soil parameters
organic carbon fraction in soil
soil temperature
soil total porosity
soil vapour permeability
soil water filled porosity

BE
DF SE
1996
72.4%
1.6%
42.8%
0.0%
28.0%

27.4%
27.4%

EB
DF SE 1996
68.6%
11.5%
37.9%
0.0%
19.2%
0.0%
0.0%
0.0%
31.4%
31.4%

BE
DF SE
2005
72.2%
2.2%
52.5%
17.5%
0.0%

27.4%
27.4%

EB

BE

EB

DF SE 2005
64.5%
13.8%
47.2%
3.5%
0.0%
0.0%
0.0%
0.0%
35.5%
35.5%

JEM
59.1%
0.0%
59.1%
0.0%
0.0%

JEM
89.4%
53.6%
14.8%
0.0%
0.0%
0.9%
1.0%
19.2%
8.3%

38.1%
38.1%

2.7%
1.8%
1.1%
2.7%
137

mas.ccsenet.org

Contaminant
Model
Total

Modern Applied Science

BE
DF SE
1996
99.9%

EB
DF SE 1996
100.0%

BE
DF SE
2005
99.6%
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EB

BE

EB

DF SE 2005
100.0%

JEM
97.3%

JEM
97.7%

Figure 6 provides an overview of the different groups of model parameters contributing to the variation. The
physico-chemical parameters overall contribute most (59-89%) to the variation of the predicted benzene and
ethylbenzene soil air concentration, while the soil parameters contribute less (8-38%).
Table 1 reveals that for the groups of physico-chemical parameters mainly the initial soil concentration drives the
predictions, with the exception of the JEM for ethylbenzene, where the Henry constant dominates. For the group
of soil parameter, the organic carbon fraction in soil contributes most tot the variation.
4.2.2 Indoor Air

Figure 7. Contribution of groups of model parameters to the variation in predicted indoor air concentration by
model and contaminant
BE benzene, EB ethylbenzene.
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The below table 2 provides more details for each of the model parameter groups.
Table 2. Contribution of model parameters to the variation in the predicted indoor air concentration by model and
contaminant
Contaminant
Model
Physico-chemical parameters
Henry constant (at ref. T)
initial soil concentration
octanol-water partition coefficient
pure component water solubility
Soil parameters
organic carbon coefficient
organic carbon fraction in soil
soil dry bulk density
soil total porosity
soil vapour permeability
soil water filled porosity
Building parameters
dilution factor from soil to indoor air
indoor air exchange rate
intrusion rate of pore air
soil-building pressure differential
ventilation rate for air in the building
thickness of soil stratum
Total

BE
DF SE
1996
60.1%
1.4%
36.4%
22.3%
22.8%
22.8%

17.0%
17.0%

99.9%

EB
DF SE 1996
40.5%
9.5%
31.0%
0.0%
0.0%
42.7%
16.4%
26.2%

16.9%
16.9%

100.0%

BE
DF SE
2005
61.4%
1.8%
44.6%
15.0%

EB

BE

EB

JEM
26.5%
0.0%
26.5%
0.0%

23.6%

DF SE 2005
54.3%
11.7%
39.6%
3.1%
0.0%
31.3%

JEM
24.0%
14.6%
4.2%
0.0%
5.1%
57.2%

23.6%

31.3%

17.8%

14.0%

14.0%

10.7%

11.2%

3.3%

2.8%

99.0%

99.6%

50.7%

1.3%
1.3%
54.6%

31.1%
1.8%
20.3%

16.3%

1.3%

1.0%

18.9%

13.6%

97.4%

1.6%
97.5%

Figure 7 provides an overview of the different groups of model parameters contributing to the variation in indoor
air. The group of physico-chemical parameters contribute 40-61% to the variation of the predicted indoor air
concentration, with the exception of the JEM where the contribution reduces to 24-36%. The contribution of the
group of soil parameters vary for the DF SE models (1996, 2005) between 23-43%, while this increases to 51-57%
for the JEM. For all three models the building parameters do not contribute much to the variation of the indoor air
concentration (14-20%).
Table 2 reveals that for the group of physico-chemical parameters mainly the initial soil concentration drives the
predictions, except for EB in the JEM, where the Henry constant dominates. For the group of soil parameter the
organic carbon fraction in the soil drives the variation for both the DF SE (1996, 2005) models (22-31%), while
for the JEM the soil vapour permeability contribute most to the variation (31-54%). The group of building
parameters contribute the least (14-20%).
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Soil

JEM

Physico-chemical

Parameter

DF SE 2005

Parameter type

DF SE 1996

Table 3. Model parameters that contribute most to the variation in the predicted indoor air concentration by model

Initial soil concentration

■

■

■

Henry's constant

■

Organic carbon fraction in soil

■

Soil vapour permeability
Dilution factor from soil to indoor air

Building

■

Intrusion rate of pore air
Soil-building pressure differential

■
■
■
■

Table 3 provides per model an overview of the parameters that contribute most to the variation of the indoor air
concentration. The JEM has different parameters driving the variation in predicted indoor air concentration, than
the both DF SE models. The equations presented in Chapter 2 show that the three model have implemented similar
fugacity algorithms for calculating the soil air concentration (equation 3), resulting in similar parameters driving
the predictions, like for example the initial soil concentration or organic carbon fraction in the soil.
However the three models incorporated different mathematical algorithms (equation 4, 9 and 11) for predicting
the indoor air concentration from the soil air concentration, so different building parameters dominate the variation
(dilution factor from soil to indoor air vs. the intrusion rate of pore air vs. soil-building pressure differential).
4.3 Accuracy

Figure 8. Statistical criteria by contaminant and model for the predicted indoor air concentration
BE: benzene, EB: ethylbenzene, ME: Maximum relative Error, RMSE: Root Mean Squared Error, CRM:
Coefficient of Residual Mass.
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Figure 8 shows the scores (unitless) of the three statistical criteria for both contaminants and three models and
reveals a decreasing value, meaning increasing accuracy, from DF SE 1996 to DF SE 2005, and further for JEM.
Thus, the latter can be considered to be the most accurate model. The statistical criteria produce systematically a
higher outcome for BE than EB, which suggests that indoor air concentration for EB are more accurately predicted
than for BE. The positive CRM indicate that the models have a tendency to over-predict indoor air concentrations
in relation to the observed concentrations. The model DF SE 2005 performs better for the RMSE and CMR for
EB, when compared to the other two models.
4.4 Parsimony
The number of parameters for the DF SE 1996, 2005 and JEM VI model for which a distribution function was
derived (see chapter 3.2) are respectively 9, 14 and 27. The variation for predicting the indoor air concentration
results in a four OOM spread, with the mid-spread mostly within one OOM (Figure 5). The predicted indoor air
concentration for the DF SE 1996 and 2005 are mainly driven by physico-chemical parameters and less by soil or
building parameters. The exception is the JEM where half of the variation is caused by soil parameters (Figure 7).
The most accurate level of prediction of the indoor air concentration, with as few parameters as possible, is
obtained by the DF SE 2005 model. The dominate parameters that drive the variation in predicted indoor air
concentration (Table 3) are measured routinely during site investigations, like the initial soil concentration and
organic carbon fraction in the soil (derived from organic matter). The soil vapour permeability for the JEM model
will require additional sampling and analysis. The dominant building parameters for JEM are not routinely
measured during standard investigations and will incur additional site investigation (costs).
5. Conclusions and Discussion
A deterministic and probabilistic approach (includes a sensitivity analysis) was applied to provide insight in the
accuracy, conservatism and parsimony of three VI models used in Sweden for human health risk assessment within
the framework of CLM.
The model that most accurately predicts the soil air concentration is the JEM followed by the DF SE 2005 and
1996 (Figure 4). Predictions are predominantly driven by variation in physico-chemical model parameters (Figure
6). The most accurate model for predicting the indoor air concentration is the JEM, followed by DF SE 2005 and
1996 (Figure 5 and 8). The variation in indoor air is driven by physico-chemical and/or soil parameters, with the
exception of JEM, where soil parameters dominate (Figure 7).
The deterministic predicted soil and indoor air concentrations were in the mid-spread of the probabilistic range,
often close to the median, but below the 95-percentile concentration (Figure 4 – 7). Thus, default parameter values
could be revised as to increase the conservatism, and be closer to the 95-percentile predicted indoor air
concentration. This revision should take into account the dominant parameters for each model (Table 1 and 2,
Figure 6 and 7).
Application of the three models on a site requires that parameters are adapted to the CSM. Table 3 indicates for
each of the model what parameters drive the predictions, so site specific data can be gathered with the dominant
parameters in mind. Some parameters cannot easily be measured on site, like the intrusion rate of pore air, so a
value needs to be selected from the distribution function representing the CSM. Literature, handbook or manuals
can be consulted for the ranges and representative default parameter settings.
The above findings are in agreement with Provoost et al. (2008; 2010a; 2013; 2014), where the JEM model was
among the most accurate and driven by the same parameters, while the DF SE 1996 was amongst the most
conservative models, being less accurate, however producing less false negative predictions. A false negative is a
predicted air concentration that is lower than the observed concentration, resulting in a reduced need to take further
action (site investigation or remediation), while this might be triggered based on observed concentrations. The
minimum concentration of the whiskers in figure 4 and 5 are below the minimum of the observed concentrations,
therefore suggest a review on the probability for false negative predictions.
The sensitivity analysis reveals the contribution of each of the parameter to the predicted concentrations, resulting
in a better prioritisation of additional data gathering on a site or in literature. Compared to the deterministic point
estimated, the probabilistic approach revealed instead which parameters dominate the predicted indoor air
concentration, hence the human health risk estimate (Johnson & MacDonald, 2010). Nevertheless, the use of
results from a probabilistic approach is challenging for regulatory decision makers, as there is no rule-of-thumb to
decide on the amount of acceptable variation as a result of variability or uncertainty of input parameters (van der
Sluijs et al., 2004; EPA, 1997; Morgan & Henrion, 1990; Saltelli et al., 2004; Burmaster & Anderson, 1994). A
guide for making decisions under variation (uncertainty) and how to communicate this are proposed by van der
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Sluijs et al. (2004) and EPA (2001).
The DF SE 1996 model is a screening level model, which shows a higher level of conservatism (lower accuracy).
A limited number of model parameters are included, and this analysis shows that a model with more parameters is
more accurate, and less conservative. A model can be selected depending on the users desired level of conservatism
and/or accuracy. A more conservative, less accurate, model like the DF SE 1996, could be selected for deriving
general soils screening values, while a more accurate model can be applied for site specific risk assessment
(Provoost et al. 2013). The DF SE 2005 seems to be a parsimonious model as it includes sufficient parameters to
be accurate, but is sufficiently conservative with 14 parameters, while the DF SE 1996 with 9 parameters is
conservative and the JEM with 27 parameters accurate. For the latter some of the dominant parameters cannot
easily be measured on site.
The sensitivity analysis revealed dominant parameters for each of the models, where some have variability and
some uncertainty, Fisher et al. (2002) suggests to use two models as to account for variability and explains
differences in predictions.
6. Further Research Needs
The probabilistic approach applied in this study was limited to variation in model parameters, which have either
variability or uncertainty. Both are propagated into a single output distribution, unless a 2D simulation is performed
in which both sources of variation are separated and their contribution calculated (Ragas et al., 2009). A 2D analysis
shows how much of the variation is caused by parameters that have either variability or uncertainty.
A similar study is required for other well documented sites, as to provide a broader insight in the accuracy,
conservatism and parsimony of the three VI models. Additional research can confirm if the same model parameters
drive the predicted soil and indoor air concentrations.
Other contaminant, like chlorinated hydrocarbons can add to this broader view. Consequently extrapolating the
results from this study to the application on other sites require caution.
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Appendix A
Probabilistic distributions and deterministic values, site Astral, BE and EB
The tables provide an overview of the distributions used for the probabilistic (first) and deterministic (below)
predictions. Each table include references to the sources of the values.
Table A1. Chemical related parameters benzene
Parameter

Abbr.

Henry coefficient

H

Organic carbon – water
partitioning coefficient
Octanol-water
partitioning coefficient

Koc

DF SE 1996
T (0.167;0.227;0.33) (-)
0.227 (-)
LN (71.8;49.3) (l kg-1)
71.8 (l kg-1)

Da

Diffusion in water

Dw

Reference temperature
Boiling point
Critical temperature

Tr
Tb
Tc

Henry coefficient at
reference temperature Tr

Hr

Vaporisation enthalpy at
boiling point

ΔHv,b

Solubility

S

T (7.87E-2;8.80E-2;9.72E-2)
(cm² s-1)
8.80E-2 (cm² s-1)
U (9.80E-06;1.11E-05) (cm²
s-1)
1.05E-05 (cm² s-1)
25 (°C)
353.24 (K)
562.16 (K)
LN
(5.53E-03;5.16E-04)
(atm m³ mol-1)
5.53E-03 (atm m³ mol-1)
7342 (cal mol-1)

T
(0.14;
408.267;
3192.702) (mg kg-1)
408.267 (mg kg-1)
N = normal, LN = lognormal, T = triangular, U = uniform
Soil concentration

JEM

LN (71.8;49.3) (cm³ g-1)
71.8 (cm³ g-1)
N (149.27;64.23) (-)
149.27 (-)
T (0.68;0.76;0.84) (m² d1)
0.7603 (m² d-1)

Kow

Diffusion in air

DF SE 2005
T (0.167;0.227;0.33) (-)
0.227 (-)

Cs

145

T
(0.14;
408.267;
3192.702) (mg kg-1)
408.267 (mg kg-1)

N (1767.6;407.1) (cm³ g-1)
1770 (cm³ g-1)
T (140;408267;3192702) (μg
kg-1)
408267 (μg kg-1)

mas.ccsenet.org

Modern Applied Science

Vol. 12, No. 10; 2018

Parameter
Abbr. DF SE 1996
DF SE 2005
JEM
References: US EPA (2004), Ettinger (2000), Hers et al. (2002, 2003), Johnson et al. (2002), Neelamegam et al. (2005), Otte
et al. (2001), OVAM (2004), Provoost et al. (2002), Tillman & Weaver (2006), Waitz et al. (1996).

Table A2. Chemical related parameters ethylbenzene
Parameter

Abbr.

Henry coefficient

H

Organic carbon –
water partitioning
coefficient
Octanol-water
partitioning
coefficient

Koc

DF SE 1996
T (0.0285;0.351;0.466) (-)
0.351 (-)

DF SE 2005
T (0.0285;0.351;0.466) (-)
0.351 (-)

LN (242.7;127.6) (l kg-1)
243 (l kg-1)

LN (242.7;127.6) (cm³ g-1)
243 (cm³ g-1)

Kow

N (1416.34;268.34)
1416.34 (-)

Diffusion in air

Da

U (0.583;0.648) (m² d-1)
0.6156 (m² d-1)

Diffusion in water

Dw

Reference
temperature
Boiling point
Critical
temperature
Henry coefficient
at
reference
temperature Tr
Vaporisation
enthalpy at boiling
point
Solubility

JEM

U
(6.75E-02;7.50E-02)
(cm² s-1)
7.13E-2 (cm² s-1)
U
(7.80E-06;9.00E-06)
(cm² s-1)
8.40E-6 (cm² s-1)

Tr

25 (°C)

Tb

409,34 (K)

Tc

617,2 (K)

Hr

LN (6.87E-03;2.37E-03)
(atm m³ mol-1)
6.87E-03 (atm m³ mol-1)

ΔHv,b

8501 (cal mol-1)
LN (177;52.3) (mg l-1)
177 (mg l-1)
T (620;491829;3233256)
(μg kg-1)
491829 (μg kg-1)

S

T (0.620;491.829;3233.256) T (0.620;491.829;3233.256)
(mg kg-1)
(mg kg-1)
-1
491.829 (mg kg )
491.829 (mg kg-1)
N = normal, LN = lognormal, T = triangular, U = uniform
References: US EPA ( 2004), Ettinger (2000), Hers et. al. (2002), Hers et. al. (2003), Johnson et.al. (2002), Neelamegam,
Dattatreya & Gopalakrishnan (2005), Otte, Lijzen, Swartjes & Versluijs (2001), OVAM (2004), Provoost, Cornelis &
Seuntjens (2002), Tillman & Weaver (2006), Waitz, Feijer, Kreule & Swartjes (1996).
Soil concentration

Cs

Table A3. Soil properties
Parameter

Abbr.

Total porosity

n

Water
porosity

Өw

filled

Air filled porosity

Өa

Soil temperature

Ts

Dry soil bulk
density
Air permeability
soil

ρb

DF SE 1996

DF SE 2005

U (0.13;0.39) (dm³ dm-3)
0.26 (dm³ dm-3)
U (0.10;0.35) (dm³ dm-3)
0.225 (dm³ dm-3)

U (0.13;0.39) (dm³ dm-3)
0.26 (dm³ dm-3)
U (0.10;0.35) (dm³ dm-3)
0.225 (dm³ dm-3)

T (1.25;1.5;1.75) (kg dm-³)
1.5 (kg dm-³)

T (1.25;1.5;1.75) (kg dm-³)
1.5 (kg dm-³)

kv
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JEM
U (0.40;0.50) (-)
0.45 (-)
U (0.13;0.39) (cm³ cm-³)
0.26 (cm³ cm-³)

T (12.2;15.7;18.8) (°C)
15.7 (°C)
T (1.25;1.50;1.75) (g cm-3)
1.5 (g cm-3)
U (1.0E-12;1.0E-8) (cm²)
5.0E-9 (cm²)
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Parameter

Abbr.

Organic carbon
content soil
Depth
of
contaminant
Thickness
soil
layer

foc

DF SE 1996
T (0.0009;0.0346;0.1574) (-)
0.0346 (-)

LT
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DF SE 2005
T (0.0009;0.0346;0.1574) (-)
0.0346 (-)
T (0.8;1.15;1.53) (m)
1.15 (m)

hA

Time

JEM
T (0.0009;0.0346;0.1574) (-)
0.0346 (-)
T (80;115;153) (cm)
115 (cm)
T (80;115;153) (cm)
115 (cm)

T (1460;1825;2190) (d)
1825 (d)

Days

N = normal, LN = lognormal, T = triangular, U = uniform
References: US EPA (2004), Ettinger (2000), Hers et. al. (2002), Hers et. al. (2003), Johnson et.al. (2002), Neelamegam,
Dattatreya & Gopalakrishnan (2005), Otte,Lijzen, Swartjes & Versluijs (2001), OVAM (2004), Provoost, Cornelis &
Seuntjens (2002), Tillman & Weaver (2006), Waitz, Feijer, Kreule & Swartjes (1996).

Table A4. Building characteristics (foundation and indoor air)
Parameter

Abbr.

DF SE 1996

DF SE 2005

JEM

T (1.44;7.2;14.4) (m³ d1)

Intrusion rate pore air

7.2 (m³ d-1)
Length space floor

LB

22000 (cm)

Width space floor

WB

12500 (cm)

Height space

HB

900 (cm)

Surface floor

27500 (m²)

Volume indoor air

247500 (m³)

Ventilation rate building
Soil–building

ER

pressure

difference
Enclosed

space
foundation

floor
till

surface
Floor-wall

6 (d-1)

0.25 (h-1)
T (0;40;200) (g cm-1
s-²)

ΔP

seam

35 (cm)
T (25;35;50) (cm)

LF

crack

Dilution factor for indoor

T (25;35;50) (cm)

Lcrack

35 (cm)
T (0.05;0.1;1.0) (cm)

w

width
air to soil air

U (0.17;0.33) (h-1)

40 (g cm-1 s-²)

thickness
Depth

U (4.08;7.92) (d-1)

DFia

0.1 (cm)
T (5000;20000;70000) (-)
20000 (-)

N = normal, LN = lognormal, T = triangular, U = uniform
References: US EPA ( 2004), Ettinger (2000), Hers et. al. (2002), Hers et. al. (2003), Johnson et.al. (2002), Neelamegam,
Dattatreya & Gopalakrishnan (2005), Otte,Lijzen, Swartjes & Versluijs (2001), OVAM (2004), Provoost, Cornelis &
Seuntjens (2002), Tillman & Weaver (2006), Waitz, Feijer, Kreule & Swartjes (1996).
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