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Abstract

In Europe, the two main nuclear accident response decision support systems in use are
ARGOS and JRODOS, both of which make use of the FDMT (Food Chain and Dose Module
for Terrestrial pathways) model to simulate the transfer of radioactivity along terrestrial food
chains and to predict radionuclide activity concentrations in human foodstuffs. FDMT was
originally developed in the early 1990’s for Southern German agricultural conditions. Its
application to other geographical settings has raised concerns regarding its fitness for purpose.
Furthermore, the FDMT model in its original format lacks transparency, flexibility and the
possibility to be run probabilistically. In order to improve FDMT’s fitness for purpose and
overcome its main shortcomings it has been implemented in a new modelling platform which
incorporates powerful numerical solvers and renders uncertainty and sensitivity analysis
possible. The modelling structure of FDMT has been re-configured and a library
configuration has been introduced which offers flexibility in working such that model
components can be tested, modified or replaced easily. The new FDMT allows for the
consideration of case/region specific issues and to make predictions which are of more
relevance and of better use with regards to decision making and management of risk.
Furthermore, the default databases of FDMT have been updated and wherever possible PDFs
have been assigned. In this paper, the transition of FDMT from old to new modelling structure
is presented along with a demonstration of developments achieved.

Key words: Nuclear accident, human exposure, food chain, process-based modelling, decision
support system



1. Introduction
Following the Chernobyl and Fukushima accidents, the need of fit for purpose radioecological

models to predict radionuclide activity concentrations in human foodstuffs has become widely
acknowledged [1-4]. After an accidental release, the transport of radionuclides from the
source and their dispersion within the environment trigger concerns related to the risk for
humans and the environment. These concerns may result in actions to minimise the impact of
an accident (i.e. reduce exposure, produce foodstuffs with radionuclide activity concentrations
below intervention limits etc.). Decisions about such actions are aided by the assessment of
the possible impact of the release on human health through estimating likely exposures.
However, adopting an optimal radiation protection strategy requires identification of where

resources are likely to be spent most effectively.

Quantification of the risk associated with a release of radioactivity requires an understanding
of the many processes involved in transport and transfer of radioactivity and the ability to
translate that understanding into a mathematical model [5,6]. In developing models, we make
judgements and assumptions which reflect our state of knowledge at the time [7]. Usually,
this state changes as we get more data or insight into the problem. As our knowledge changes
we need to revisit our models and their underlying science and assumptions to update them
accordingly. However, development and modification of models through iteration has an
important prerequisite: that models are set up in such a way that readily allows for such
updating. This means that they should be flexible enough to allow for new knowledge to be
incorporated easily and with minimal effort. Additionally, the models ideally ought to provide
the option to incorporate variability and uncertainty, which is a necessary step in conducting
sensitivity and uncertainty analysis [8]. The latter is important in order to evaluate the degree
of confidence that can be placed in the risk estimates we make and to minimise the chance of

overstating or underestimating risk [8].

In reality the estimation of exposures following a large-scale accidental release is complicated
because of the interaction of many factors such as the relative contributions of dry and wet
deposition, the time of the year, the agricultural conditions in a region affected, living habits,
and the fraction of the diet that is produced locally. However, the ICRP [9], suggest that if no
protective measures are taken, it is likely that, doses from ingestion of contaminated food will

comprise the largest contribution of the projected doses over the first year after an accident.



Several models have been developed to simulate the transfer of radionuclides to terrestrial
food products, such as FARMLAND [10], TRANFOOD [11] and SYMBIOSE [12]. The
FDMT (Food Chain and Dose Module for Terrestrial pathways) is another such model [13],
and is integrated into two main European decision support systems (ARGOS - Accident
Reporting and Guiding Operational System [14] and JRODOS - Real-time On-line Decision
Support System [15]), where it can be run deterministically. FDMT is based on the ECOSYS-
87 model to simulate the transfer of radioactive material in food chains, and for assessment of
doses (individual as well as collective) to the population [16]. However, because ECOSYS-87
was developed in the early 1990’s it did not consider the large numbers of radioecology
studies prompted by the 1986 Chernobyl accident and subsequent compilations of model
parameters [17]. Furthermore, the original parameter collation was mainly specific to

Southern German agricultural conditions [18].

One of the characteristic features of an emergency is the urgent need for making decisions
under highly dynamic and uncertain circumstances. In general, uncertainties involved can be
ascribed to two categories: those belonging to the ongoing emergency situation, which can be
unique and specific, and those which have a more general nature and are not situation
specific. The main difference between these two groups is in the amount of work we can do
beforehand in dealing with them. Potentially, an extensive collation of data pertaining to
models can be conducted prior to an accidental release. More data can reduce uncertainties
associated with our lack of knowledge of underlying processes. There is also uncertainty
related to the inherent randomness and heterogeneity of environmental processes. This is
manifested as variability in data, which is not reducible, but can be better characterised and

represented through further analyses [19].

A key observation of the recent EC funded CONFIDENCE project considering uncertainties
in modelling and decision making after nuclear accidents [20] was that uncertainty
management for simulation models in decision support systems (such as ARGOS and
JRODOS), was far from satisfactory [21]. One of the key problems identified was the current
inability to incorporate process-based models (i.e. models who’s parameterisation take into
account soil and potentially plant characteristics [2]), in the context of simulating food-chain
transfer, to potentially reduce the uncertainties associated with the existing empirical ratio-
based transfer approaches. Raskob and Duranova [21] considered quantification and reduction
of uncertainties to be an essential step towards improving decision making to protect affected

populations and minimise the disruption of normal living conditions.



The reliability of support systems used for decision making depends on the robustness of their
underlying sub-systems/modules; the same holds for any improvement of such systems.
According to the internationally agreed research agenda for radioecology [22, 23], focus
should be placed upon development of process-based transfer and exposure models, better
parametrisation and assessment of associated parametric uncertainty in such models.
Addressing these key research requirements should lead to the reduction in uncertainties in

radionuclide transfer/food chain modelling.

The present study is a direct response to these research needs and the requirement to improve
our modelling capacity for better decision making. The main objective is to further improve
the FDMT model and make its application more user friendly. In this paper, the approach
taken to achieve this objective will be presented along with a demonstration of developments

achieved.

2. Methods

Knowing that FDMT’s fitness for purpose should be improved such that better and more
robust estimates could be made, a systematic method was needed to identify which parts of
the model need to be modified/improved, in which order and how. In this regard, a sensible
first step was the identification of FDMT’s limitations through a review of the reported works

in which the FDMT model has been applied and by conducting a gap analysis.

A literature review was conducted to make use of what had already been identified as
limitations and potential areas for further improvement of the FDMT model [24-28].
Furthermore, data were extracted from published reviews and available literature to populate

the FDMT’s default databases.

The gap analysis was conducted based on considerations regarding the application of FDMT
to the Nordic conditions. The FDMT’s approaches for modelling radionuclide transport as

well as its default food chains and parameters were then compared with the identified needs.

Following the gap analysis and the literature review it was clear that, FDMT, in its original
format, suffers from three types of limitations; structural, conceptual and specificity.
Regarding the former, being originally implemented within Microsoft EXCEL™ and then
later as an integrated module within ARGOS and RODOS, flexibility is limited to changes of



parameters and not the underlying models [39, 30] and there is little transparency with regards
to the underlying calculations. Conceptual limitation refers to the science underlying the
FDMT’s governing equations which is, as considered below, in many cases an
oversimplification of reality and neglects important influences such as chemical forms of
radionuclides in soils [31] as well as soil chemistry [32]. The specificity limitation arises
because FDMT has been parametrised for conditions that are largely for Southern Europe and,
for the example considered here, likely not relevant to other areas (including Nordic
agricultural practices as considered in the scenario we have used to illustrate the ECOLEGO

FDMT implementation) [33].

2.1 FDMT
The FDMT model can be used, among other things, for the prediction of radionuclide activity

concentrations in various, mainly agricultural, food products for given inputs of radionuclides
into terrestrial systems. The starting point for FDMT calculations is the outputs from
atmospheric dispersion models (as also implemented within and connected to the ARGOS and

RODOS systems). The main input quantities for subsequent calculations within FDMT are:

e the date of the deposition (day, month)
o the time-integrated radionuclide activity concentration in near ground air
e the activity deposited by precipitation per unit ground area

e the amount of precipitation (for wet deposition)

In cases where the measured activity in air and the wet deposition are not available, the model

provides alternative options for estimating the required inputs.

Based on these limited input data, the transfer of radionuclides through food chains is
quantified by modelling various processes including: the deposition and interception of
radionuclides on vegetation/crop surfaces; the loss from vegetation/crops (via weathering);
the change in radionuclide activity concentrations in vegetation/crops via biomass dilution;
foliar and root uptake of radionuclides by vegetation/crops; intake of contaminated foodstufts
by farm animals and radionuclide-specific equilibrium transfer factors and biological loss

rates for these animals.



After inserting the above-mentioned input values into FDMT, the next step would be
simulation of dry and wet deposition of radionuclides. The output from these simulations

forms the basis for most of the subsequent calculations performed within FDMT.

Deposition and interception are key initiating and seminal processes that dictate the levels of
radionuclides that are used in subsequent parts of the FDMT model. In order to emphasise
their importance and their complexity, in the following, it is first shown the way these are
modelled in FDMT and later argued why these have to be reconsidered/remodelled.

2.1.1 Deposition in FDMT
In FDMT dry and wet deposition are considered separately. The dry deposition to different

plant species is calculated from the time-integrated air concentration using a deposition

velocity which depends on the plant type:

Di=vi 'Cair, (1)

with
Di = dry deposition onto plant type i (Bq- m?),
vi = deposition velocity for plant type i (m's™),

Cair = time-integrated activity concentration (for a specified radionuclide) in air (Bq-s- m™).

The deposition process has a pronounced seasonality which is location specific [24]. In the
FDMT model, this has been taken into consideration by defining deposition velocity at the
time of deposition (vi) as a function of the leaf area index (LAI), which is defined as the ratio

of the (single-sided) leaf area to the soil area [24]:

LAI;
Vi = Vimax * ( l/LA[i max)’ (2)

where

vi, max = the maximum deposition velocity for the given plant type i, assuming fully developed
foliage,

LAI = the leaf are index of plant i, at the time of deposition, and



LAlimax = the corresponding leaf area index for the fully developed plant.

The deposition velocity depends on the chemical form of radionuclides and size of aerosols
[34]. However, in FDMT all aerosols are treated the same, regardless of their size; the model
only distinguishes between elemental, organic bound and aerosol bound iodine. If the default
values of FDMT are not changed to adequately represent aerosol size the deposition estimates

can be wrong by several orders of magnitude [24].

2.1.2 Interception in FDMT
In FDMT, the interception of wet deposited radionuclides is expressed as function of LAI, the

total amount of rainfall and the water storage capacity of the plants' leaves without
considering any aerosol particle features such as size. The interception fraction, fi, for plant

type 1 is quantitatively expressed as:

LAI;S; —In2
fi= T(l—exp(ggi R)>, 3)

with

fi = interception fraction for plant type i,

Si =retention coefficient (mm) of plant type 7,
R =amount of rainfall (mm) of a rainfall event.

If application of this equation results in an interception fraction greater than 1.0, fi=1.0 is
assumed. Three groups of elements are differentiated with regards to retention coefficients: /)
Ce, Cs, Mn, Na, Nb, Pu, Rb, Ru, Sb, Te, Zr; II) Ag, Am, Ba, Cm, Co, La, Mo, Nd, Np, Pr,
Rh, Sr, Y and /I]) 1, Tc. For all other elements, as a default, it is assumed that they behave
similarly to cesium [13]. Furthermore, the current interception model in FDMT does not
consider the influence of particle size. Although this has been shown to have a substantial

effect on interception [35].



2.2 Adaptation of a new modelling platform
After identifying the limitations in FDMT we need to decide how to address them in a proper

and logical order. From the three main limitations outlined above, the one associated with the
structure of FDMT was considered as the most fundamental shortcoming of the model.
Dealing with this limitation required a new modelling platform, which allowed for changes to
be performed easily and in a straight-forward manner. The desired platform had to provide
transparency, flexibility and for the option of conducting probabilistic modelling. The latter is
beyond the FDMT model’s currently available deterministic approach and hence a clear
improvement could be introduced by allowing sensitivity and uncertainty analyses to be

performed. To fulfil these requirements, we used the modelling platform ECOLEGO [36].

2.3 ECOLEGO
The ECOLEGO modelling platform [36, 37] is developed for creating dynamic models and

performing deterministic or probabilistic simulations (making use of Monte Carlo or Latin
Hypercube sampling). The software incorporates numerical solvers for complex and dynamic

systems, i.e. solver for ordinary differential equations including ‘stiff” problems.

2.4 Implementation of ECOSYS87/FDMT in ECOLEGO
The FDMT model has been implemented using the ECOLEGO software package. The

implementation has covered the entire suite of radionuclides and exposure pathways to
humans that were included in the original ECOSY S-87 model although subsequent focus, in
relation to collation of revised parameters, has been placed on the food-chain transfer
component of the model as opposed to the (human) dose calculation module. Default

parameters are essentially those presented in the earlier version of the model [16, 38].

The FDMT model is a compartment model consisting of a system of Ordinary Differential
Equations (ODE) that are solved mainly analytically, although some equations are solved
through integration using the trapezoidal method. In ECOLEGO, the same system of ODEs
was implemented using specialized blocks called compartments. Each ODE compartment was
then defined by adding specialized ECOLEGO blocks representing transfers between
compartments, sources from outside the modelled system and sinks to outside the system. The
equations corresponding to the different blocks (compartments, transfers, sources, sinks etc.)
were written using the library of functions available in ECOLEGO. Once the model is
implemented, ECOLEGO then integrates the whole system of ODEs, using the numerical

method selected by the user from those available in the software.



The FDMT model within ECOLEGO can be graphically viewed either as an interaction
matrix or as a more traditional compartmental model as shown in Fig. 1. The model is
organised into different subsystems corresponding to different types of target environment,
such as ‘Grass Intensive’, ‘Grass Extensive’, etc. Within each sub-system the relevant blocks
can be viewed, i.e. the user can view all ODEs and other equations used in the model. The

user can modify and add equations without any need for programming.
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Fig. 1 The setup of FDMT as modelled in the ECOLEGO platform.

3. Results and discussion

The main findings of the gap analysis indicated modification of model features and parameter
values was needed for the FDMT model to be more widely applicable. As an example,
Nielsen and Andersson [24, 25] demonstrated the sensitivity of FDMT’s outcomes to a
number of site-specific input parameters, such as soil type, sowing and harvesting times,
feeding regimes for animals and human consumption habits. The same studies also showed
that many of the FDMT/ECOSYS default parameters values need to be updated and suggested
that several new parameters (e.g. particle size and soil characteristics) should be included. As
an example, several important regional foodstuffs (e.g. for Nordic or Mediterranean countries)
are not part of the default diet list of ECOSYS. For instance, reindeer and brown (or whey)
cheese are not included in the default list of foodstuffs of FDMT. However, these are not only
two important foodstuffs in the Norwegian diet, but both are also prone to accumulating

radiocaesium [25, 39].
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It, therefore, goes without saying that any attempt to improve the fitness for purpose of FDMT
should take place at two levels in parallel: modifying sub-model components and parameter
updating. Regarding the former (i.e., modifying the modelling structure and underlying
components), despite the requirement being identified in several earlier studies [24, 25, 28],
no substantial improvements have previously been made. In contrast, the issue of parameter
updating has received more attention (e.g. [24, 25, 28, 40]). For instance, as an attempt to
include the option of modelling radionuclide transfer to reindeer, Staudt [40] included
reindeer as an animal category for boreal and alpine radioecological regions in a
demonstration of regionalising FDMT. However, the model was re-parameterised by adopting
the feed to animal transfer factor (d kg™!) for beef cattle. There was no evidence provided to
support the efficacy of so doing and indeed given that the transfer factor is dependent upon
the daily dry matter food intake rate the assumption is unlikely to be valid. Ideally, a bespoke
model for reindeer based on, for example, the analyses conducted by Ahman [41] would be
more appropriate or perhaps the application of a generic dietary concentration ratio rather than

using/having to derive an animal specific transfer factor (see discussion in [17, 42].

3.1 General limitations and shortcomings of FDMT

3.1.1 Lack of relevance and transparency

As noted above, the radioecological parameters in FDMT were originally derived for
Southern German agricultural conditions and in many cases not relevant for other
environments/production systems. Furthermore, the parameter values originate from before
the wealth of radioecological studies prompted by the 1986 Chernobyl accident and also
international initiatives to collate transfer parameter data (i.e. IAEA [43] subsequently
superseded by IAEA [17]). Consequently, there has been criticism that FDMT is not using
state-of-the-art knowledge (e.g. Nilsen and Andersson [25]). In many cases, FDMT has
default transfer parameter values that are not based directly on empirical data. For some
animal products, Miiller and Prohl [16] describe how such values were derived; for example,
if transfer factors were not available for sheep and goat milk a value 10-times higher than that
for cow milk was assumed. However, there are many cases where it is not clear how the
default parameter values have been derived when data were not available (see Brown et al.

[44]). Hence, greater transparency is required on how these values have been derived and
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indeed they should potentially be revisited taking into account the latest IAEA handbook [17]
and possibly also the recent consideration given to extrapolation approaches to derive missing
radiological data (e.g. [42, 45, 46]).

3.1.2 Being deterministic
The current version of FDMT in the ARGOS and JRODOS decision support systems utilises
discrete parameter values and allows for deterministic calculations. From one perspective, this
might not be considered a major limitation and might even be deemed an advantage for being
straight-forward and easily implementable. However, from an alternative viewpoint, this
might result in assigning an unwarranted certainty to the outputs as the approach does not
allow account to be taken of uncertainty in the simulation output despite the knowledge that
large uncertainties exist in many of the parameters used in the calculation. The importance of
adequately characterising variability and uncertainty in exposure assessments for human

health risk assessments has previously been highlighted [12, 47, 48].

3.1.3 Not feasible for conducting sensitivity analysis
Another limitation is that the existing version of the model does not permit a robust sensitivity

analysis. It is a fact that uncertainties are an inherent part of all modelling processes.
Identifying the uncertainties that influence model outcomes most (either qualitatively or
quantitatively) and communicating their importance is essential for proper integration of

information from models into the decision-making process [7].

Miiller and Prohl [16] do present an initial consideration of uncertainty of the default
ECOSYS-87 parameter values (some of which were relatively site specific) and identified the
21 most sensitive parameters from a total of more than 400 parameters. This work has
limitations, mainly in relation to the specificity of the calculation and simplicity of
assumptions regarding underlying statistical distributions that were made. Furthermore, it is
self-evident that the greater number of data that are now available enable a more refined

statistically based parameterisation.

3.1.4 Cannot handle complex dynamic systems
FDMT is not currently set up to allow the user to solve complex dynamic systems —

essentially analytical solutions are provided for basic differential equations and simplifying
assumptions are made with respect to, inputs to and losses from, various components of the

modelled system.

12



However, if it is desirable to move towards a more process-based modelling approach or to
consider more complex and dynamic systems, it would be a great advantage if the model was

linked to software packages which make use of numerical solvers.

3.1.5 Lack of flexibility
There are components of ECOSYS-87/FDMT where there are concerns over the robustness of

the approach (e.g. Nielsen and Andersson [26, 27]) and where external (sub) models are
available/published that may be considered as viable alternatives. An example can be given
by the equations used to determine the concentration of bio-available radionuclide activity in
the root zone of soil. There are more sophisticated models available than the simplified
approach described in FDMT where generic fixation and desorption rates are used across all
soil types and migration/leaching rates vary between pasture and agricultural soils only
because the depth of the rooting zone is assumed to be different. The ‘Absalom model’ [49],
for example, allows the radiocaesium bioavailability to be determined specifically as a
function of soil clay content, exchangeable K status, pH, NH4" concentration and organic
matter content. In the latest version of this model [50] the number of required input
parameters has been reduced by excluding NH4" concentration. Accounting for such soil

parameters enables predictions to vary according to soil type.

3.2 Testing of the new FDMT
After implementing ECOSYS-87 into ECOLEGO, it was necessary to test that the results

generated by ECOSYS-87 could be reproduced acceptably by the ECOLEGO

implementation.

Two scenarios involving dry and wet deposition were adapted from Sevik et al. [51] for this
model-model comparison. Deposition date was selected to be 1 August and the magnitude of
deposition was 1000 Bq m™ for four radionuclides (Cs-134, Cs-137, Sr-90 and 1-131). Table 1
shows the input parameters considered in the two scenarios.

Table 1 Input parameters specified in the scenarios used to test the ECOLEGO implementation of
FDMT.

Input parameter Dry deposition Case Wet deposition case
Calculated activity concentration in air (Bq | 140 0.55

h/m?)

Wet deposition (Bg/m?) 0 1000

Total deposition to vegetated soil (Bg/m?) | 1000 1000

The original ECOSYS-87 in EXCEL™ and the new implementation in ECOLEGO were run

13



for a 5-year period, using default parameter values. The endpoints compared were predicted
radionuclide activity concentrations in winter wheat (whole grain), leafy vegetables, milk

(cow), beef (cow) and lamb.

The outputs from the ECOLEGO and EXCEL™ implementations of ECOSYS-87 were
compared for both wet (assuming 3 mm of rainfall) and dry depositions and showed good
agreement. In most cases, the values corresponded exactly or were within a few percent of
one another (at very worst the deviation was not greater than ~7 %). Hence, we could
conclude that ECOSYS-87 has been implemented correctly into ECOLEGO. Fig. 2, shows the
outputs from both ECOSYS-87 in EXCEL™ and ECOLEGO for Cs-137 and the wet

deposition scenario as an example.

250
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ECOSYS-87 B ECOLEGO
2001 =% # Winter Wheat
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Leafy Vegetables
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100

Activity concentration (Bq/kg f.w. or Bg/l)
Activity concentration (Bg/kg f.w. or Bg/l)

0 1 10 100 1000 10000

Time (days)

Fig. 2 Concentration of Cs-137 in foodstuffs obtained with ECOLEGO and ECOSYS-87 for the wet deposition
scenario.

3.3 Updating databases and collation of underlying statistical datasets
In parallel with the ECOLEGO implementation, FDMT’s default databases have been

repopulated using data extracted from recently published reviews and available literature. The
selection of parameters to collate was dictated by the scenarios outlined above. The collation
of underlying statistical data was restricted to the four radionuclides considered in the
scenarios, although the coverage was extended to all crop and animal derived food product
types. The goal was to cover as many parameters as practicable but certain constraints were
introduced by the consideration that underpinning data were sometimes unavailable or the set-

up of the model limited the statistical treatment of a given parameter. To explain this last
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point, it should be noted that some of the time-dependent parameters, such as Leaf Area Index
(LAI) and translocation factors, in the ECOLEGO version of FDMT are included as ‘look-up’
tables for which only single data values are provided for each discrete time-point. It was,
therefore, impracticable to assign distributions to these parameters. This issue could be

improved and might be considered in the next phase of this work.

As noted elsewhere [12, 52], it was considered that transfer factors result from the
multiplication of a large number of unknown positive parameters and that their PDFs might
be suitably characterised by log-normal distributions. It was, therefore, considered appropriate
to allocate log-normal distributions to the default transfer factors collated in the present
analysis. In other cases, the coverage of the data was simply not comprehensive enough to
allow a detailed PDF to be characterised. In such cases, uniform distributions were typically
employed allocating equal probability to the sampling of all quantities within the range
defined by minimum and maximum values. In several additional cases where a range of
values and best estimate value were available, the selection of triangular distributions was
considered appropriate. The configuration of the default databases for this work on FDMT-
ECOLEGO has drawn heavily on recent collations of radioecological parameter (most notable
with regards to soil to plant transfer factor, and feed transfer coefficients for animal products)
by the IAEA [17, 34]. Detailed descriptions on our data collation (giving information on their

provenance and derivation) can be found in Brown et al. [44].

Table 2 shows old and new values for the soil to plant transfer factors along with the assigned
distributions for the two crops used in abovementioned scenarios. Complete tables of transfer
factor values for caesium, strontium and iodine for all crop types considered by FDMT can be

found in the Appendix.

Table 2 Soil to plant transfer factor (TF, unitless) (new values from IAEA [34]).

Plant New default (old default) | Distribution*
Arithmetic STD
mean
Caesium Leafy vegetables 6.0E-3 (2.0E-2) 1.7E-2 2.1E-2
Winter wheat 2.6E-2 (2.0E-2) 6.7E-2 1.3E-1
Strontium Leafy vegetables 7.6E-02 (4.0E-1) 1.9E-1 1.8E-1
Winter wheat 9.7E-02 (2.0E-1) 1.6E-1 1.7E-1
lodine Leafy vegetables | 6.5E-04 (1.0E-1) 1.6E-3 2.9E-3
Winter wheat 5.5E-04 (1.0E-1) 1.2E-4 2.5E-3

15



*Assumed to be untruncated log-normal distribution

We have focussed on these three elements and their radioisotopes as these will likely present
the main causes of concern with respect to food chain transfer following an accidental release
from a nuclear facility. The geometric means from the abovementioned data compilations
are used as the new default parameter values for deterministic runs, as these values provide
the best indication of central tendency for log-normally distributed data, whilst the arithmetic

mean and associated pdf, from the same compilations, are used for probabilistic modelling.

3.4 Probabilistic model runs
Following the implementation of FDMT into ECOLEGO and assignment of distributions to

various model parameters by updating its default databases, FDMT could be run

probabilistically.

To demonstrate this new functionality, the new FDMT was applied to the scenarios described
above (i.e. those used for the model testing considering wet and dry deposition cases). Using a
Monte Carlo sampling method, 500 iterations were made for each run. The choice of 500
iterations was based on practical considerations, as a higher number of iterations required
considerably longer simulation time. For each iteration, ECOLEGO takes a random sample
from the PDF of each varied model parameter and performs a simulation for the set of
parameters corresponding to this iteration. As a result, a set of model endpoint values is
obtained for each iteration. The values obtained from all iterations, in this case 500, are then
used to obtain different statistics of the model endpoints, such as the mean value, the median,

the 5™ and 95" percentiles.

The resulting simulations are for: cow milk, beef and lamb; dry and wet depositions; and Sr-
90, I-131 and Cs-137. Deposition occured on1™ August, i.e. at Julian day = 213. For each run
mean, 5™ and 95" percentiles were obtained over a period of 5 years. The outputs from two
such probabilistic runs are shown in Figs. 4 and 5 for activity concentration of Cs-137 in cow

milk and meat.
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Fig. 4 Probabilistic simulation of activity concentration of Cs-137 in milk (cow) for the dry deposition
scenario. In addition to 5" percentile, mean and 95™ percentile, the output from deterministic run

(based on using default new best estimate value) is also shown.
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Fig. 5 Probabilistic simulation of activity concentration of Cs-137 in beef (cow) for the dry deposition
scenario. In addition to 5™ percentile, mean and 95" percentile, the output from deterministic run

(based on using default best estimate value) is also shown.
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As shown in Figs. 4 and 5, for the case of cow milk and beef, the deterministic predictions are

comparatively low and close to 5™ percentile values. Furthermore, the span between 5™ and

95" percentiles is relatively narrow; the ratio of the 95" to 5 percentile falls generally around

10 and up to two-orders of magnitude at the most. Should the span between 5" and 95"

percentiles have been much larger, e.g. the 95" to 5™ percentile ratio reaching many orders of

magnitude, problems may arise in specifying anything concrete when making a prognosis; at

the low end of the prediction impacts might be negligible whereas at the high end, impacts

may be dramatic. However, these kinds of considerations require extra information which is

only possible to obtain by running the model probabilistically. Figs. 6 and 7 are shown here to

illustrate the point that a probabilistically enabled FDMT is capable of producing results

which are more detailed and informative as opposed to information obtained when running

the model deterministically
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Fig. 6 PDF and statistics for activity concentration of Cs-137 in cow milk for dry deposition scenario

at day 220 (7 days after initial deposition). The vertical line indicates the value obtained upon running

FDMT deterministically.
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Fig. 7 PDF and statistics for activity concentration of Cs-137 in beef (cow) for dry deposition scenario

at day 239 (26 days after initial deposition). The vertical line indicates the value obtained upon

running FDMT deterministically.
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The obtained confidence intervals illustrate the amount of uncertainty involved in each time
step and provide useful information relevant in the process of making decisions. For example,
regulatory standards can be compared with lower and upper confidence limits (such as 5™ and
95" percentiles) to decide whether a standard will be violated or not. Regarding how to make
use of the information obtained from a quantitative uncertainty analysis in decision making
Hammond et al. [8] provide the following guidance: “if a 5% lower confidence limit is above
a regulatory standard of concern, then it is likely that the standard will be violated. If the 95%
upper confidence limit is below the standard, it is likely that the standard will not be violated.
If the 95% upper confidence limit is above the standard, but the 50" percentile is below the
standard, further study should be recommended on those parameters that dominate the overall
uncertainty. However, if the 50™ percentile is above the standard, further study may still be
recommended, but under some circumstances one may opt to proceed with regulatory action

depending on the cost-effectiveness of measures for risk reduction.”.

In the present work, we have focused on model parameter uncertainties and the estimated
endpoint uncertainties do not reflect the overall uncertainties associated with estimated
concentrations, but only uncertainties related to the limited number of parameters that have
been considered in these runs. Furthermore, in addition to parameter uncertainties there are
other sources / types of uncertainties which could contribute to the total uncertainties
associated with a model’s output. These can be related to the conceptual and mathematical
model, scenario and input data used to make the assessment [53]. It is important to have these
considerations in mind when analysing estimated uncertainties of outputs of probabilistic

runs.

3.5 Sensitivity analysis

Sensitivity analysis assesses how sensitive the model output is to changes in model inputs/

parameters [54]. It can be used to determine, for instance:

a. the parameters that contribute most to the output variability;
b.the model parameters (or parts of the model itself) that are insignificant;
c. if and which (groups of) parameters interact with each other.

The last point is related to correlation which might exist between various parameters and is often
ignored, mostly due to computational challenges. Addressing the interaction between parameters

requires computation of higher order sensitivity indices and in ECOLEGO there exists
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functionality for such considerations. Nonetheless, it was considered premature in this study to
apply this option without a more detailed knowledge about the relationships between FDMT
model parameters. The issue of correlation between input parameters and how this may affect

model outputs has been considered elsewhere [55, 56].

The sensitivity analysis in this work was done for the case study described above for the wet
deposition scenario and considers the same endpoints of radionuclide activity concentrations
(°°Sr, *'T and '*’Cs) in winter wheat (whole grain), Leafy vegetables, Cow milk, Cow meat
and Lamb meat. The simulation period was extended to explore the influence of some
parameters which are expected to play a role only after a prolonged period. Various time
points were selected, namely : 1 day, 1 week, 2 weeks, 1 month, 2 months, 1 year, 10 years,
25 years, to account for the dynamics of the system and also to reflect the fact that the
sensitivity of the model output to any given parameter might have a time dimension. The

approach taken was as follows:

1. Probabilistic simulations — 5000 iterations by Monte Carlo sampling (random

sampling) from the probability distributions assigned to several model parameters.

2. The probabilistic results were used for calculating different correlation and regression
coefficients for the untransformed and ranked variables (this means that model inputs

and outputs are ranked).

3. An algorithm named EASI (Effective Algorithm for Computing Global Sensitivity
Indices) was applied [57]. This variance decomposition method is model independent.
The calculated sensitivity index for each uncertain parameter represents the first order

contribution of this parameter to the variance of the output.

" The choice of iteration numbers is somewhat arbitrary, the number of iterations for sensitivity analysis
selected as being a factor of 10 higher than probabilistic runs. The common factor in both cases was
that enough iterations were selected to ensure that the statistical information being generated could be
deemed reliable.
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In principle, for this study the EASI method alone was sufficient for ranking the model
parameters by sensitivity, however, this method does not show if the parameter has a positive
or negative effect on the output. On the other hand, although the Spearman Rank Correlation
Coefficients (SRCC) do not give a quantitative measure of the contribution of the parameters
to the variance of the outputs, they show the direction of the effect of the parameters on the
output of interest. The outcomes from both analyses have therefore been used in tandem

(Figs. 8 and 9).
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Fig. 8 Sensitivity indices (as calculated by EASI method) as function of time for Cs-137 concentrations in leafy

vegetables.

The results from the analysis intuitively make sense. In the initial period of the simulation, up
to the first month or so, the retention coefficient and (loss from vegetation) weathering rate
constitute those parameters which predominate in terms of their contribution to the variance
observed in Cs-137 activity concentrations in leafy vegetables. In later stages of the
simulation, 10 to 25 years, the uncertainties associated with processes influencing the
behaviour of Cs-137 in soil start to have a major influence upon the variance observed in the

model output.
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Fig. 9 Cs-137 leafy vegetables: Spearman rank correlation coefficients between parameters and
output, for various time points. Note that the order of parameters on the vertical axis changes between

the first and second plots.
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The information provided from the Spearman rank correlation coefficients illustrate that,
whereas the retention coefficient has a positive correlation with the assessment endpoint, the
correlation with weathering rate is an inverse one (i.e. an increase in weathering rate will lead
to a decrease in the simulated levels of Cs-137 in leafy vegetables). From a period of 2
months and extending in time up to the end of the simulation at 25 years, the soil to plant

transfer factor (i.e. concentration ratio, Fv,) becomes an important factor.

To avoid over-interpretation of the results from the sensitivity analysis conducted in this
study, the following should be noted. In particular, we lack insight into the model sensitivity
to those parameters which have been defined by look-up tables, as noted earlier in the text. Of
course, a sensitivity analysis could be conducted to consider the influence of these parameters
without using look-up tables, but this was considered beyond the scope of our demonstration and
has in any case been looked at elsewhere [58]. In this particular instance, we strongly suspect
that LAI for leafy vegetables would have been defined as sensitive, at least in the initial phase
post deposition, had there been a means of characterising variability in this parameter.
Furthermore, the timing of events such as the start of the harvesting period and the time
interval between the deposition event and the harvest are likely to confound any extrapolation
of these findings to a generic situation. Although this can be partly accounted for by
considering numerous scenarios/cases, the regional aspects of farming practices relevant for
model parameterisation are still likely to exert a great, and currently largely unquantifiable,

influence on (some of the conclusions that might be drawn from) the sensitivity analyses.

4. Concluding remarks
Improving decision support systems used to manage risks in an emergency situation through

quantification and reduction of uncertainties in underlying models has been identified as
being important but has not yet satisfactory addressed [21]. To address this and in order to
make FDMT fit for purpose, the model has been implemented into the flexible ECOLEGO
modelling platform. This transformation has yielded new functionality and a great degree of
freedom with regards to developmental work needed to improve the model further and to

make it more user friendly.

The focus of this work has been to demonstrate what could be improved within the FDMT

implementation in the ARGOS and RODOS decision support systems and to create a platform
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to identify future model development needs. However, there is no foreseeable hindrance to

including the revised model/implementation into the decision support systems.

FDMT can now be run probabilistically and the new platform allows for a sensitivity analysis
to be conducted. By including the uncertainties of the underlying parameters through
assignment of PDFs we can now acquire insight regrading uncertainties in predictions and
also evaluate the relative importance of various parameters as a function of time for selected

endpoints through making use of the sensitivity analysis functionality.

There is a clear requirement for further testing of the probabilistic model outputs. There are
suitable datasets that have been collated following the Chernobyl accident (for example

BIOMOVS datasets [59]) and these could provide a good start for model testing. An initial
check may be to see whether the empirical data measurements fall within given percentiles

(e.g. 5™ and 95™) of the model outputs.

In addition to having the possibility of employing numerical solvers to more challenging
model configurations, implementation of FDMT within the ECOLEGO modelling platform
opens up the potential for investigation of various model components either in isolation or in
combinations which reflect more specific settings. In other words, the new model offers
flexibility in working with the model components such that these can be tested, modified or
replaced. The latter option has encouraged, following the implementation and testing
described in this paper, the introduction of a library structure. To achieve this, the overall
model has been first disaggregated into its components/sub-models, such that each unit can be
treated standalone and be applied independently. The advantage of organizing the model in
this way is that the user can select specifically any component they are interested in for any
given model run without invoking the entire FDMT model. This in turn, allows for getting

better insight into underlying operations and increases the traceability and transparency.

Deposition and interception models in FDMT should be revised in order to take into account
important factors such as chemical form of radionuclides as well as surface characteristics of
vegetation. This requires moving from the possibility to just change/revise parameters to the
consideration of new models which are more complex in terms of considering underlying
mechanisms and processes to a greater extent. For example, there are other models that can be
used to consider dry and wet deposition to those used as default in FDMT (e.g. [59, 60]) and
future plans involve exploring the efficacy of using such alternative models.

24



The new design paves the way towards a more process-based modelling [32] approach and
allows for evaluation of different models of varying complexities. This possibility provides a
platform for considering case/region specific issues and to make predictions which are of

more relevance and of better use with regards to decision making and management of risk.

Currently process based models would have applicability in making long term predictions of
soil-plant transfer after a deposition event (see [2,6,32]) in order to better identify areas where
resources need to be focused and countermeasures potentially applied. However, they could
also be developed to better define processes identified as being important through sensitivity
analyses (e.g. to better model radionuclide concentrations following direct deposition on
crops.However, even though the new design of FDMT provides novel opportunities, the
extent to which we are able to take advantage of these is limited for the moment. For instance,
FDMT can now be run probabilistically or a sensitivity analysis can be conducted, but lack of
relevant statistical data, which is necessary to characterise uncertainties related to some model
parameters, limits the use of these new features. To overcome these shortcomings some
progress has been made, but there is a need to expand the statistical data collation to
parameters not originally covered (i.e., non-radioecological, agricultural parameters) and to

consolidate the information for those parameters that have been considered.

5. Acknowledgement
The authors would like to thank Cath Barnett (UK CEH) for collating the revised parameter

values we have used. The work described in this paper was conducted within the
CONFIDENCE project which was part of the CONCERT project. The CONCERT project
received funding from the Euratom Research and Training programme (2014-2018) under
grant agreement No. 662287. The work of Ali Hosseini, Deborah Oughton and Justin Brown
was (partly) supported by the Research Council of Norway through its Centre's of Excellence
funding scheme, project number 223268/F50.

Author Declarations
Funding — this is addressed in the acknowledgement

Conflicts of interests - There are no conflicts of interest.

Competing interests - not applicable

Availability of data and materials - not applicable

25



Code availability - not applicable

Authors’ contributions - AH coordinated the activities in the study and is the main author of the
work. AH Collated parameter datasets and conducted simulations using the newly developed
software. RA was responsible for the development and implementation of the software/programme
code used in the study. NB was coordinator of the project under which this work was performed (i.e.
CONFIDENCE work-package Leader) and was instrumental in directing this work. NB was a co-author
and involved in drafting of the manuscript and collated parameter datasets. JB is a co-supervisor of
AH’s PhD and as such was involved in the planning and direction of the study. He was heavily
involved in assisting to draft and structure the manuscript, collated parameter datasets and
conducted simulations using the newly developed software. DO is the main supervisor of AH’s PhD
and as such was involved in the planning and direction of the study. DO was involved in prior-to-
submission review of the manuscript.

6. References

1. TAEA (2012). A summary report of the results of the EMRAS programme (2003-2007). IAEA-
TECDOC-1678. International Atomic Energy Agency, Vienna, 2012.

2. Beresford N.A., Barnett C.L., Chaplow J., Lofts S., Wells C., Brown J.E., Hosseini A., Therring H.,
Almahayni T., Sweeck L., Guillén J., Lind O.-C., Oughton D.H., Salbu B., Teien H.-C., Perez-
Sanchez D., Real A. (2020a). CONFIDENCE overview of improvements in radioecological human
food chain models and future needs. https://doi.org/10.1051/radiopro/2020019.

3. Brown J., Dvorzhak A., Mora J.C., Pérez-Sanchez D., Kaasik M., Tkaczyk A., Hosseini A., losjpe
M., Popic J., Smith J., Vives i Batlle J., Almahayni T., Vanhoudt N., Gonze M.-A., Calmon Ph.,
Février L., Hartmann Ph., Steiner M., Urso L., Oughton D., Lind O.-C., Salbu B.(2019a). CONCERT
Deliverable D9.61 — Guidance to select level of complexity. EJP-CONCERT, European Joint
Programme for the Integration of Radiation Protection Research, H2020 — 662287.

4. Almahayni T., Sweeck, L., Beresford, N.A., Barnett, C.L. Lofts, S., Hosseini, A., Brown, J., Therring,
H., Guillén, J. (2019a) An evaluation of process-based models and their application in food chain
assessments. CONCERT Deliverable 9.15. Available from: https://concert-h2020.eu/en/Publications.

5. Hoffman, F. O. and Gardner, R. H. 1983. Evaluation of Uncertainties in Radiological Assessment
Models. Chapter 11 of Radiological Assessment: A textbook on Environmental Dose Analysis. Edited
by Till, J. E. and Meyer, H. R. NRC Office of Nuclear Reactor Regulation, Washington, D. C.

6. Almahayni T., Beresford N.A., Crout N.MJ., Sweeck L.(2019b). Fit-for-purpose modelling of
radiocaesium soil-to-plant transfer for nuclear emergencies: a review. Journal of environmental
radioactivity. Vol 201, p 58-66.

7. EPA (2009). Guidance on the Development, Evaluation, and Application of Environmental Models.
EPA/100/K-09/003. United States Environmental Protection Agency.

8. Hammonds J. S., Hoffman F. O., Bartell S. M (1994). An Introductory Guide to Uncertainty
Analysis in Environmental and Health Risk Assessment. U.S. DEPARTMENT OF ENERGY.
ES/ER/TM-35/R1.

9. ICRP 2009. Application of the Commission’s Recommendations for the Protection of People in
Emergency Exposure Situations. ICRP PUBLICATION 109. Volume 39 No. 1 2009.

10. Attwood, C., Fayers, C., Mayall, A., Brown, J., & Simmonds, J.R. (1996). FARMLAND: Model
description and evaluation of model performance (IAEA-TECDOC--904). International Atomic
Energy Agency (IAEA).

26


https://concert-h2020.eu/en/Publications
https://www.sciencedirect.com/science/article/pii/S0265931X18308610
https://www.sciencedirect.com/science/article/pii/S0265931X18308610

11. Uslu, Ibrahim & Fields, D. & Yalcintas, M.G. (1988). TRANFOOD Radionuclide Transport via
Terrestrial Food Chain, I. Uslu, D. E. Fields. M. G. Yalgintas. (1988), USA, Oak Ridge National
Laboratory.

12. Simon-Cornu, M., Beaugelin-Seiller, K., Boyer, P., Calmon, P., Garcia-Sanchez, L., Mourlon, C.,
Nicoulaud, V., Sy, M.M., Gonze, M.A., (2015). Evaluating variability and uncertainty in radiological
impact assessment with the probabilistic database of SYMBIOSE. J. Environ. Radioact. 139, 91-102.

13. Miiller H., Gering F., Prohl G. (2003). Model Description of the Terrestrial Food Chain and Dose
Module. FDMT in RODOS PV6.0. RODOS(RA3)-TN(03)06.

14. Hoe, S., Mc Ginnity, P., Charnock, T.W., Gering, F., Andersson, K.G., Astrup, P. (2008). ARGOS
CBRN Decision Support System for Nuclear and Radiological Emergency Management. In:
Proceedings: IRPA 12. The 12th International Congress of the International Radiation Protection
Association October 19—24, Buenos Aires, Argentina. http://orbit.dtu.dk/files/3924948/Hoe_paper.pdf

15. Levdin, L., Trybushnyi, D., Zheleznyak, M., Raskob, W. (2010). RODOS re-engineering: aims and
implementation details. In: In: Raskob, W., Hugon, M. (Eds.), Enhancing Nuclear and Radiological
Emergency Management and Rehabilitation: Key Results of the EURANOS European Project.
Radioprotection, 45. S181-S189. https://doi.org/10.1051/radiopro/2010024

16. Miiller, H., Prohl, G. (1993). ECOSYS-87: A dynamic model for assessing radiological
consequences of nuclear accidents. Health Phys. 64, 232-252.

17. IAEA (2010). Handbook of parameter values for the prediction of radionuclide transfer in
terrestrial and freshwater environments. Technical Reports Series No. 472. IAEA, Vienna.

18. Andersson, K.G., Nielsen, S.P., Therring, H., Hansen, H.S., Joensen, H.P., Isaksson, M.,
Kostiainen, E., Suolanen, V., Palsson, S.E. (2011). Revision of deposition and weathering parameters
for the ingestion dose module (ECOSYS) of the ARGOS and RODOS decision support systems. J.
Env. Rad. 102, pp 1024-1031.

19. NAP (2013). Institute of Medicine 2013. Environmental Decisions in the Face of Uncertainty.
Washington, DC: The National Academies Press. https://doi.org/10.17226/12568

20. Raskob, W., Beresford, N.A., Duranova, T., Korsakissok, I., Mathieu, A., Montero, M., Miiller, T.,
Turcanu, C., Woda, C. (2020). CONFIDENCE: project description and main results. Radioprotection
Volume 55. https://doi.org/10.1051/radiopro/2020008

21. Raskob, W., Duranova, T. (2020). Editorial: the main results of the European CONFIDENCE
project. Radioprotection Volume 55. https://doi.org/10.1051/radiopro/2020007

22. Hinton, T. G., Garnier-Laplace, J., Vandenhove, H., Dowdall, M., Adam-Guillermin, C., Alonzo,
F., Barnett, C., Beaugelin-Seiller, K., Beresford, N.A., Bradshaw, C., Brown, J., Eyrolle, F., Fevrier,
L., Gariel, J.-C., Gilbin, R., Hertel-Aas, T., Horemans, N., Howard, B.J., Ikdheimonen, T., Mora, J.C.,
Oughton, D., Real, A., Salbu, B., Simon-Cornu, M., Steiner, M., Sweeck, L., Vives i Batlle, J. (2013).
An Invitation to Contribute to a Strategic Research Agenda in Radioecology. J. Environ. Radioact.
115, 78-82. http://dx.doi.org/10.1016/j.jenvrad.2012.07.011

23. ERA (2019). Strategic Research Agenda for Radioecology 3rd version [DRAFT] European
Radioecology Alliance. Available at : https://radioecology-
exchange.org/sites/default/files/f ALLIANCE%20SRA.pdf. Accessed 05/11/2020.

24. Nielsen S.P. and Andersson K. (2006). EcoDoses: Improving radiological assessment of doses to
man from terrestrial ecosystems. A status report for the NKS-B project 2005, NKS-123, ISBN 87-
7893-184-3.

25. Nielsen S.P. and Andersson K. (2008). PardNor - PARameters for ingestion Dose models for
NORdic areas. NKS-174, ISBN 978-87-7893-240-2.

26. Nielsen S.P. and Andersson K. (2009a). EcoDoses: Improving radiological assessment of doses to
man from terrestrial ecosystems. A status report for the NKS-B project 2006, NKS-184, ISBN 978-87-
7893-250-1.

27


http://orbit.dtu.dk/files/3924948/Hoe_paper.pdf
https://doi.org/10.1051/radiopro/2010024
https://doi.org/10.17226/12568
https://doi.org/10.1051/radiopro/2020008
https://doi.org/10.1051/radiopro/2020007
http://dx.doi.org/10.1016/j.jenvrad.2012.07.011
https://radioecology-exchange.org/sites/default/files/ALLIANCE%20SRA.pdf
https://radioecology-exchange.org/sites/default/files/ALLIANCE%20SRA.pdf

27. Nielsen S.P. and Andersson K. (2009b). PardNor - PARameters for ingestion Dose models for
NORdic areas. Status report for the NKS-B activity 2008. NKS-185, ISBN 978-87-7893-251-8.

28. Therring H., Dyve J.E., Hevrey T.H., Lahtinen J., Liland A., Montero M., Real A., Simon-Cornu
M., Trueba C. (2016). Sets of improved parameter values for Nordic and Mediterranean ecosystems
for Cs-134/137, Sr-90, 1-131 with justification text. DELIVERABLE (IRA-Human-D3). COMET
(Contract Number: Fission-2012-3.4.1-604794).

29. Poon C.B., Au S.M., Proehl G., Miiller H. (1997). Adaptation of ECOSYS-87 to Hong Kong
environmental conditions, Health Phys. 72, 856-64, 1997.

30. Slavik O., Fulajtar E., Miiller H., Proehl G. (2001). Model for food chain transfer and dose
assessment in areas of the Slovak Republic, Radiation and Environmental Biophysics, 40, 59-67.

31. Lind O.-C., Brown J.E., Hosseini A., Salbu B., Kashparov V., Beresford N.A. (2019). Evaluation
of the importance of radioactive particles in radioecological models. CONCERT Deliverable 9.16.
Available from: https://concert-h2020.cu/en/Publications

32. J.E. Brown, N.A. Beresford, A. Hosseini, C.L. Barnett (2020). Applying process-based models to
the Borssele scenario. Radioprotection 2020, 55(HS1), S109-S117.

33. Andersson K. G., Nielsen S.P., Therring H., Hansen H.S., Joensen H.P., Isaksson M., Kostiainen
E., Suolanen V., Palsson S.E. (2011). Revision of deposition and weathering parameters for the
ingestion dose module (ECOSYS) of the ARGOS and RODOS decision support systems. Journal of
Environmental Radioactivity 102 (2011) 1024 — 1031.

34. IAEA (2009). Quantification of radionuclide transfer in terrestrial and freshwater environments for
radiological assessments. TECDOC-1616. IAEA, Vienna.

35. Prohl, G., Huffman, P.O. (1996). Radionuclide Interception and Loss Processes in Vegetation.
Modelling of radionuclide interception and loss processes in vegetation and of transfer in semi-natural
ecosystems. Second report of the VAMP Terrestrial Working Group. IAEA-TECDOC-857. ISSN
1011-42809.

36. Avila R., Broed R., Pereira A. (2005). ECOLEGO - A toolbox for radioecological risk assessment
Proceedings of the International Conference on the Protection from the Effects of lonizing Radiation,
IAEA-CN-109/80. Stockholm: International Atomic Energy Agency. 229 - 232.

37. Ecolego 2020. http://ecolego.facilia.se/ecolego/show/HomePage. Accessed 05/11/2020.

38. Miiller, H., Gering, F., Prohl, G. (2004). Model description of the Terrestrial Food Chain and Dose
Module FDMT in RODOS PV 6.0., RODOS(RA3)-TN(03)06, Report (version 1.1, 18.02.2004).

39. Skuterud L, Therring H. (2012). Averted doses to Norwegian Sami reindeer herders after the
Chernobyl accident. Health Phys. 2012;102(2):208-216. doi:10.1097/HP.0b013e3182348e12

40. Staudt, C. (2016). HARMONE Set of regions with common FEPs and parameters. Deliverable D5.37
for OPERRA. EC, Brussels.

41. Ahman, B. (2007). Modelling radiocaesium transfer and long-term changes in reindeer. Journal of
Environmental Radioactivity, 98, 153-165.

42. Beresford, N.A., Wood, M.D., Vives i Batlle, J., Yankovich, T.L., Bradshaw, C., Willey, N.
(2016). Making the most of what we have: application of extrapolation approaches in radioecological
wildlife transfer models. J. Environ. Radioact. 151, 373-386.
http://dx.doi.org/10.1016/j.jenvrad.2015.03.022

43. IAEA (1994). Handbook of Parameter Values for the Prediction of Radionuclide Transfer in
Temperate Environments. Technical Reports Series No. 364. IAEA, Vienna.

44. Brown J.E., Avila R., Barnett C.L., Beresford N.A., Hosseini A., Lind O.-C., Oughton D.H., Perez
D., Salbu B., Teien H.C., Therring H. (2019b) Improving models and learning from post-Fukushima
studies. CONCERT Deliverable 9.13. Available from: https://concert-h2020.eu/en/Publications.

28


https://concert-h2020.eu/en/Publications
http://ecolego.facilia.se/ecolego/show/HomePage
http://dx.doi.org/10.1016/j.jenvrad.2015.03.022
https://concert-h2020.eu/en/Publications

45. Brown J.E., Beresford N.A., Hosseini A. (2013). Approaches to providing missing transfer
parameter values in the ERICA Tool - How well do they work? J. Environ. Radioact. 126, 399-411.
http://dx.doi.org/10.1016/j.jenvrad.2012.05.005.

46. Beresford N.A., Barnett, C.L., Guillen, J. (2020b). Can models based on phylogeny be used to
predict radionuclide activity concentrations in crops? Journal of Environmental Radioactivity 218
(2020) 106263. https://doi.org/10.1016/j.jenvrad.2020.106263.

47. EPA (1997). Guiding Principles for Monte Carlo Analysis. EPA/630/R-97/001, March 1997.

48. WHO (2008). Harmonization Project Document No. 6. PART 1: guidance document on
characterizing and communicating uncertainty in exposure assessment. WHO Press, World Health
Organization, Geneva , Switzerland.

49. Absalom, J.P., Young, S.D., Crout, N.M.J., Sanchez, A., Wright, S.M., Smolders, E., Nisbet, A.F.,
Gillett, A.G. (2001). Predicting the transfer of radiocaesium from organic soils to plants using soil
characteristics. J. Environ. Radioact. 52, 31-43. https://doi.org/10.1016/S0265-931X(00)00098-9

50. Tarsitano, D., Young, S.D., Crout, N.M., 2011. Evaluating and reducing a model of radiocaesium
soil-plant uptake. Journal of environmental radioactivity 102, 262-269.

51. Sevik, A., Vives I Batlle, J., Duffa, C., Masque, P., Lind, O.C., Salbu, B., Kashparov, V., Garcia-
Tenorio, R., Beresford, N.A., Therring, H., Skipperud, L., Michalik, B., Steiner, M. (2017). COMET:
Final report of WP3 activities. COMET DELIVERABLE (D-N°3.7) EC, Brussels.

52. Sheppard, S.C., (2005). Transfer parameters: are on-site data really better? Hum. Ecol. Risk
Assess. 11, 939-949. https://doi.org/10.1080/10807030500257747

53. Urso, L., Ipbiiker, C., Mauring, K., Ohvril, H., Vilbaste, M., Kaasik, M., Tkaczyk, A., Brown, J.,
Hosseini, A., Iosjpe, M., Lind,0.Ch., Salbu, B., Hartmann,Ph., Steiner, M., Mora, J.C., Pérez-
Sanchez, D., Real, A., Smith, J., Mourlon, Ch., Masoudi, P., Gonze, M.A., Le Coz, M., Brimo, K.,
Vives i Batlle, J. (2019). D9.62 — Methodology to quantify improvement: Guidance on uncertainty
analysis for radioecological models. EJP-CONCERT European Joint Programme for the Integration
of Radiation Protection Research H2020 — 662287.

54. Saltelli, A, Tarantola, E, Campolongo, F, Ratto, M. (2004). Sensitivity analysis in practice — A
guide to assessing scientific models. John Wiley & Sons Ltd., Chichester.

55. Caniou, Y. (2012). Global sensitivity analysis for nested and multiscale models. PhD thesis,
Universit’e Blaise Pascal, Clermont-Ferrand.

56. Wiederkehr Ph. (2018). Global Sensitivity Analysis with Dependent Inputs. R-MTWiederkehr-
001. Chair of Risk, Safety And Uncertainty Quantification, ETH Zurich.

57. Plischke, E. (2009). An effective algorithm for computing global sensitivity indices (EASI).
Reliab. Eng. Syst. Safe. 95, 354-360. https://doi.org/10.1016/j.ress.2009.11.005

58. Richter, K., Gering, F., Muller, H. (2002). Data assimilation for assessing radioactive
contamination of feed and foodstuffs. Paper from: Development and Application of Computer
Techniques to Environmental Studies, CA Brebbia and P Zannetti (Editors). ISBN 1-85312-909-7.

59.BIOMOVS Technical Report 13, part 1 (1991). Scenario A4, Multiple Model Testing using
Chernobyl Fallout Data of 1-131 in Forage and Milk and Cs-137 in Forage, Milk, Beef and Grain.

60. Giardina M., Buffa, P. (2018). A new approach for modelling dry deposition velocity of particles.
Atmospheric Environment 180 (2018) 11-22.

7. Appendix

29


http://dx.doi.org/10.1016/j.jenvrad.2012.05.005
https://doi.org/10.1016/j.jenvrad.2020.106263
https://doi.org/10.1016/S0265-931X(00)00098-9
https://doi.org/10.1080/10807030500257747
https://doi.org/10.1016/j.ress.2009.11.005

Soil to plant transfer factors (TF, unitless) for caesium, strontium and iodine (new values from IAEA

[29]).
Element | Plant New default (old default) | Distribution*
Mean STD
Beet_leaves 5.6E-3 (3.0E-2) 1.1E-2 1.9E-2
Leafy vegetables 6.0E-3 (2.0E-2) 1.7E-2 2.1E-2
Maize 1.8E-2 (2.0E-2) 3.0E-2 2.8E-2
Beet 6.7E-3 (1.0E-2) 1.2E-2 1.8E-2
Corncobs 6.3E-3 (1.0E-2) 1.1E-2 1.1E-2
Fruit 8.7E-4 (2.0E-2) 2.3E-3 3.3E-3
Oats 2.5E-2 (2.0E-2) 6.6E-2 1.3E-1
Potatoes 1.2E-2 (1.0E-2) 2.1E-2 2.5E-2
Cs Rye 2.5E-2 (2.0E-2) 6.6E-2 1.3E-1
Spring_barley 2.5E-2 (2.0E-2) 6.6E-2 1.3E-1
Spring_wheat 2.6E-2 (2.0E-2) 6.7E-2 1.3E-1
Winter_barley 2.5E-2 (2.0E-2) 6.6E-2 1.3E-1
Winter_wheat 2.6E-2 (2.0E-2) 6.7E-2 1.3E-1
Berries 1.5E-3 (2.0E-2) 2.9E-3 3.3E-3
Fruit_vegetables 1.1E-3 (1.0E-2) 3.5E-3 7.5E-3
Root_vegetables 6.7E-3 (1.0E-2) 1.2E-2 1.8E-2
Grass (Intensive) 5.5E-2 (5.0E-2) 1.2E-1 1.8E-1
Grass (Extensive) 1.7E-1 (1.0E0) 2.4E-2 2.6E-2
Beet_leaves 1.2E-1 (8.0E-1) 2.4E-1 2.2E-1
Leafy_vegetables 7.6E-2 (4.0E-1) 1.9E-1 1.8E-1
Maize 1.8E-1 (3.0E-1) 2.5E-1 1.9E-1
Beet 1.2E-1 (4.0E-1) 2.4E-1 2.2E-1
Corn_cobs 6.1E-2 (2.0E-1) 1.1E-1 1.2E-2
Fruit 2.6E-3 (1.0E-1) 3.8E-3 2.9E-3
Oats 9.6E-2 (2.0E-1) 1.6E-1 1.7E-1
Potatoes 3.4E-2 (5.0E-2) 5.0E-2 4.6E-2
o Rye 9.6E-2 (2.0E-1) 1.6E-1 1.7E-1
Spring_barley 9.6E-2 (2.0E-1) 1.6E-1 1.7E-1
Spring_wheat 9.7E-2 (2.0E-1) 1.6E-1 1.7E-1
Winter_barley 9.6E-2 (2.0E-1) 1.6E-1 1.7E-1
Winter_wheat 9.7E-2 (2.0E-1) 1.6E-1 1.7E-1
Berries 3.3E-2 (1.0E-1) 5.5E-2 6.9E-2
Fruit_vegetables 1.8E-2 (2.0E-1) 4.9E-2 9.0E-2
Root_vegetables 1.2E-1 (3.0E-1) 2.4E-1 2.2E-1
Grass (Intensive) 2.9E-1 (5.0E-1) 3.74E-1 2.6E-1
Grass (Extensive) 2.9E-1 (1.0E0Q) 3.74E-1 2.6E-1
Beet_leaves 1.2E-3 (1.0E-1) 2.1E-3 1.9E-3
Leafy_vegetables 6.5E-4 (1.0E-1) 1.6E-3 2.9E-3
| Maize 1.3E-2 (1.0E-1) 2.8E-2%* 4,5E-2%*
Beet 1.2E-3 (1.0E-1) 2.1E-3 19E-3
Corn_cobs 1.2E-4 (1.0E-1) 2.7E-4 5.3E-4
Fruit 9.5E-4 (1.0E-1) 1.8E-3 1.8E-3
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Oats 5.5E-4 (1.0E-1) 1.3E4 2.4E-3
Potatoes 2.1E-2 (1.0E-1)***

Rye 5.5E-4 (1.0E-1) 1.2E-4 2.4E-3
Spring_barley 5.5E-4 (1.0E-1) 1.2E-4 2.4E-3
Spring_wheat 5.5E-4 (1.0E-1) 1.2E-4 2.5E-3
Winter_barley 5.5E-4 (1.0E-1) 1.2E-4 2.4E-3
Winter_wheat 5.5E-4 (1.0E-1) 1.2E-4 2.5E-3
Berries 1.5E-2 (1.0E-1)***

Fruit_vegetables 5.0E-3 (1.0E-1)***

Root_vegetables 1.2E-3 (1.0E-1) 2.1E-3 1.9€-3
Grass (Intensive) 8.1E-4 (1.0E-1) 9.9E-2 3.1E-2
Grass (Extensive) 8.1E-4 (1.0E-1) 9.9E-2 3.1E-2

*Untruncated Lognormal distribution; **for cereal stem and shoots; ***No distribution, based on one value.
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