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Abstract

Past and present measurements of radionuclide activity concentrations in the seaweed species Fucus
spp. on the Swedish west coast have shown significant temporal variation. The current understanding
is that marine discharges originating from remote nuclear facilities contribute to the observed activity
levels. Initial statistical exploration has been done, but no detailed modelling has been performed thus
far. In this project, an attempt is made to use a Bayesian dynamic generalized additive model (dGAM)
to model observed activity concentrations at Särdal, Sweden as a response to remote discharges from
facilities that are suspected to contribute to observed levels. The isotopes 14C, 137Cs, 129I and 60Co are
studied due to their the highest data availability for this sampling location. For 129I, variance is al-
lowed between summer and winter samples in an effort to study seasonal effects on measured activity
concentrations.

The models for 14C do not follow literature findings of transport time or structure, hinting that the
signal may be too weak, the model too complex, or key predictors (local NPP effluent) are missing
from the model. The model for 137Cs agrees reasonably well with literature, showing a dominant con-
tribution from Baltic Sea outflow related to Chernobyl depositions, and initial effect from Sellafield,
UK found after 4-5 years. The 129I model also agrees reasonably with current understanding of trans-
port time, with estimates for Sellafield to Särdal at around 4-5 years and La Hague to Särdal at 3-4
years. The 129I model also hints at structurally higher activity concentration in the samples collected
in winter, which corroborates recent findings. Finally, across the different isotope models we observe
that the models tend to have very broad and dispersed effect well beyond the initial arrival of radioac-
tive material, highlighting a non-trivial temporal pattern which the distributed lag approach is able to
capture well.

We conclude that dGAMs are a powerful tool, but despite strong regularization, these models appear
to be too flexible in the case where physics restrictions can reasonably be imposed. Future work could
include more rigorous model validation, exploring explicit modelling of dilution factors, increasing the
information in the model by sourcing higher frequency discharge data or exploring mixed-frequency
models, and exploring distributed-lag approaches that allow physics restrictions to be imposed more
directly than is possible in the current dGAM formulation.
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1 Introduction

Significant temporal and spatial variation has been observed in radionuclide activity concentrations on
the Swedish west coast, with contributions suspected from various sources. The seaweed species Fucus
serratus (“toothed wrack") and Fucus vesiculosus (“bladderwrack"), collectively Fucus spp., have been
shown to be effective bioindicators for radionuclides in the marine environment of the Swedish west
coast [1–5]. A collection of new and historical data on radionuclide concentrations from the Kattegat
and the broader Swedish west coast have recently been presented by Mattsson et al. [1] and Stenström
et al. [2]. The earliest samples date from 1967, which makes this a unique dataset for studying the
long term effects of radionuclide discharges on the marine environment. Mattsson et al. [1] explored
various anthropogenic radionuclides including Carbon-14, Caesium-137, Iodine-129 and Cobalt-60.
Besides contributions from 1986 Chernobyl disaster for certain isotopes, the Barsebäck and Ringhals
nuclear power plants have also been linked with elevated levels of radionuclides such as Carbon-14.
Marine discharges from spent nuclear fuel reprocessing facilities such as those at Sellafield, United
Kingdom and La Hague, France, have also been linked to the temporal and spatial variations observed
in the Kattegat and Northern European waters in general [1–5].

The recent re-commitment of the Swedish government to nuclear energy [6]means there is a possibil-
ity of additional radionuclide discharge into the Swedish marine environment in the near future. To
accurately map such future discharges, the current temporal and spatial variations need to be more
deeply understood. Understanding and mapping these variations is also relevant from a public health
perspective. This is because seaweed forms a key link in the marine food cycle, meaning radionuclides
can end up in various marine life, including those consumed by humans.

Estimates of transport time between various sites and the Swedish west coast have been performed
mainly by estimating the distance between peaks in discharge and corresponding peaks in activity
concentration and by ocean transport studies. There are many environmental processes involved in
the processes of radionuclide transport and uptake in Fucus spp., which complicates the relationship
between discharge and observed concentrations, making the relationship not necessarily linear. The
objective of this project is to formulate and fit a model that relates radionuclide discharges from se-
lected nuclear facilities to the observed activity concentrations in Fucus spp. samples obtained from
Särdal, Sweden. The focus is on developing statistical machinery that can account for effects which
are distributed over the temporal scale. The approach that has been identified as potentially suitable
is the class of models known as dynamic generalized additive models.

2 Experimental background

This section describes in some detail the mechanisms of radionuclide uptake and release in Fucus.
Then, the way various radionuclides enter the marine environment is discussed. The chapter closes
with a description of the sampling procedure, from collection to measurement.

2.1 Sampling

Various research groups [1–5] have used Fucus spp. as a bioindicator for monitoring the trends in
radionuclide concentrations in European waters. Radionuclides in the marine environment originate
from a wide variety of sources, including nuclear power, industry and hospitals. Two particular repro-
cessing facilities for nuclear fuel, located at Sellafield, UK and Cap de La Hague, France, have been
of particular interest due to their long history of significant liquid discharges. When it comes to the
Nordics, the settlement of Särdal (56.76N, 12.63E), marked in Figure 1 by a red square, has been
used as a sampling location for Fucus spp. since 1967 [1]. The rocky seabed in this location has ample
growth of Fucus spp., and its location on the coast of the Kattegat sea area means there is both inflow
from the North Sea as well as outflow from the Baltic Sea, as highlighted in Figure 1. This makes it an
suitable location for studying the transport of radionuclides from wider Northern European waters to
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Figure 1: An overview of Northern European waters. The Särdal sampling site is highlighted in red,
with major Swedish nuclear facilities denoted by yellow triangles. The North Sea and Baltic Sea cur-
rents are shown with blue and orange arrows respectively. Two nuclear fuel reprocessing facilities, at
La Hague in France and Sellafield in the United Kingdom, are highlighted with blue squares. Figure
reproduced from Mattsson et al. [1].

the Swedish west coast.

The samples have been collected by hand at depths of 0.3− 0.9m during various seasons. Care was
taken in the selection of samples: several plants were obtained during every sampling occasion, with
specimens that had other organisms growing on them were avoided [5]. The samples were dried
overnight at 70−80◦C, and ground into a powder and mixed. Measurement procedures differ between
different isotopes – these processes are described in some more detail by Stenström and Mattsson [5].

2.2 Radionuclides in the environment of the Swedish west coast

Four isotopes (Carbon-14, Caesium-137, Iodine-129 and Cobalt-60) have been selected for this study,
the choice of which will be motivated in Section 4.3. Here, the origins of these four radionuclides will
be described, as well as environmental characteristics that are worth noting.
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Figure 2: Atmospheric and modelled marine radiocarbon activity for the Northern Hemisphere, ex-
pressed in F14C. The 14C from atmospheric nuclear weapons tests of the 50s and 60s can be clearly
seen as a visible atmospheric peak around 1963. The modelled marine data is for depths of 75 m.
Figure reproduced from Stenström et al. [2].

Carbon-14 (T1/2 = 5730years)

The radioactive isotope 14C is naturally produced in the upper atmosphere by cosmic ray interaction
with nitrogen in the n-p reaction

14
7 N+ n→14

6 C+ p+ 0.626 MeV ,

with an estimated 1.4× 106 TBq/year entering the environment through this process [7]. The excess
radiocarbon in the environment primarily originates from historic atmospheric nuclear weapons tests
in the 1950s and 1960s, as can be seen in Figure 2. In 2008, UNSCEAR [8] estimated that a total
of 350 × 106 TBq of 14C has been added into the atmosphere from such tests. Civil applications of
nuclear technology, such as nuclear power plants (NPPs), nuclear reprocessing facilities and certain
other industries, also contribute to past and present radiocarbon concentrations in the environment.
The historic public dose was dominated by Carbon-14 from the atmospheric nuclear weapons tests. In
the present day, airborne releases of Carbon-14 from operational NPPs dominate the effective public
dose in Sweden [2]. As for liquid discharges, Sellafield and La Hague have been identified as likely
contributors to observed concentrations in Fucus spp. on the Swedish west coast. Marine discharge of
Carbon-14 from Swedish NPPs are not included in effluent monitoring programmes, and thus there is
thus no data available from these sites [2]. However, the releases from the Barsebäck NPP likely have
an influence on 14C levels around Särdal. Although the major water currents go North from Ringhals
NPP (see Figure 1), releases from this plant could also have some influence on Särdal levels.

Atmospheric radiocarbon quickly oxidizes to CO2, after which it enters the global carbon cycle. It can
enter the marine environment in the form of dissolved inorganic carbon (DIC) through various path-
ways including photosynthesis in Fucus spp.. Excess 14C can be quantified by the Fraction Modern,
F14C, where 1 F14C corresponds to the natural specific activity of carbon, around 226 Bq/kgC. An-
thropogenic activity contributions would thus result in F14C > 1.

The growth of Fucus spp. on the rocky seabed near the shore means atmospheric CO2 enters the
seaweed through photosynthesis [2]. Uptake also occurs through calcification processes in calcify-
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ing species (e.g.mollusca), which use DIC as a carbon source. There are also various other so-called
carbon pools through which DIC can enter and re-enter the marine environment around Fucus spp.,
through processes such as the marine food cycle and sediment mixing [2, 9]. On top there are nat-
ural advection-diffusion processes in ocean environments that diffuse the DIC over time. All of this
means that 14C activity in Fucus spp. is not just affected by the uptake of ‘fresh’ atmospheric radiocar-
bon entering the marine environment for the first time. Rather, there is a continual recycling process
along with non-trivial diffusion processes at play. All of this signals that the observed activity in Fucus
spp. should be thought of as the result of various effects that occur at various temporal scales, rather
than an instantaneous uptake.

Caesium-137 (T1/2 = 30.08years)

The majority of 137Cs in the Nordics today comes atmospheric releases from the 1986 Chernobyl dis-
aster, with significant contributions from nuclear weapons testing as well. The deposition of this ex-
cess 137Cs from Chernobyl has been a dominant contributor to observed activity history in the Baltic
sea [10]. This is relevant to observations on the Swedish west coast, since the Kattegat receives sig-
nificant volumes Baltic sea outflow [10–12]. Therefore, this source must be included in the analysis.
However, contributions from the Sellafield discharges into the Irish sea are also significant enough to
be considered in further study. Previous work has shown that sediment processes in the Irish sea can
cause remobilisation of deposited radioactive caesium particulates [13]; this remobilisation is signifi-
cant enough to be detected and should be considered in analysis of 137Cs as a potential long-term but
highly diffused source of activity on the Swedish west coast. Yearly discharges from La Hague are two
orders of magnitude lower than Sellafield, and are unlikely to be a major contributor to observed levels
in Fucus spp. sampled on the Swedish west coast.

Iodine-129 (T1/2 = 1.57× 107 years)

Radioactive iodine primarily originates from anthropogenic activities. It has been produced in excess as
a fission by-product from both military and industrial activities, with the 1986 Chernobyl disaster also
being a major source of 129I. Unlike 137Cs however, radioactive iodine originating from the Chernobyl
releases is not believed to be a major contribution to the observed marine levels in the Nordics. Hou
et al. [12] estimate that marine discharges from European facilities such as Sellafield and La Hague
dominate the observed 129I levels in the Kattegat, with Chernobyl release in Baltic sea outflow only
accounting for about 0.1% of total levels in the Kattegat.

One well-studied but noteworthy characteristic of 129I in Fucus spp. is the significant bioaccumula-
tion that occurs. Furthermore, a significant seasonal difference has been observed, with 129I activity
concentrations in winter being significantly elevated compared to summer in the Fucus spp. samples
collected at Särdal [1]. A recent study by Satoh, Wada, and Hisamatsu [14] on iodine concentrations in
seagrass in Northern Japan seawaters showed a similar effect, and Nitschke et al. [15] found elevated
levels of iodine in winter for both Fucus vesiculosus and Fucus serratus. The cause of this is not entirely
clear as of today, but this is likely a combination of various environmental effects including metabolic
processes and water temperature [15]. This seasonal effect will be explicitly included in the model.

Cobalt-60 (T1/2 = 5.27years)

Like the other radionuclides discussed so far, the levels of 60Co observed in Fucus spp. primarily orig-
inate from marine discharges of nuclear facilities. Mattsson et al. [1] describe that La Hague is the
most likely explanation for the historically observed levels of 60Co. Although shut down in 1990, the
Winfrith NPP (UK, English Channel) is also noted as a potential source of 60Co in the Kattegat area [1,
16]. Likewise, the Barsebäck and Ringhals NPPs, due to their proximity, likely have major influence.

3 Mathematical background

Most generally speaking, the goals of time series analysis are to forecast, to identify patterns (trends or
seasonal structure) and to describe temporal relationships between quantities. What makes the anal-
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ysis of time series challenging is the correlation between adjacent points; the ordering of data itself
is relevant for modelling the underlying processes. This gives rise to a number of challenges. For ex-
ample, many statistical methods assume that observations are independent and identically distributed,
meaning the sampling is random [17]. This is not true for a time series, as samples are, due to their
ordered nature, not independent, and often not normally distributed either [17]. The following sec-
tions will build up a time series model starting from a basic linear regression model. In Section 4, the
machinery explained here will be applied to the radionuclide transport problem.

3.1 Linear regression for time series

Let yt , t = 1, . . . , N be the dependent time series of observations, which are predicted by independent
time series x t1, x t2, . . . , x t p. A basic regression model, which linearly links the predictors with the
observed series, can then be formulated as

yt = β0 + β1 x t1 + · · ·+ βp x t p + ϵi , (1)

where ϵt ∼ N (0,σ) is an independent and identically distributed noise process. Equivalently, Equa-
tion 1 can be written as

Yt |x t ∼N (µ(x t |β0,β1, . . . ,βp),σ); , (2)

where µ(x t |β0,β1, . . . ,βp) = E(Y |x t ,β0,β1, . . . ,βp). This means there is a linear relationship between
the predictors and the expected value of the response. However, many real-life problems do not have
a linear relationship between predictors and response [18]. To allow for a non-linear relation, one can
introduce a smooth and monotonic link function g(µ) in the following way:

E[Yt] = g−1
�

β0 + β1 x t1 + · · ·+ βp x t p

�

. (3)

Equation 3 is called a generalized linear model (GLM). One can see now that the linear regression
described earlier is simply a special case of a GLM with an identity link function.

3.2 Conceptually understanding distributed lag models

Equation 3 models the instantaneous effect of predictors x t p on E[Yt]. However, there are many
processes imaginable were the effect of covariates is not instantaneous. In environmental or ecological
processes, it is rather common that predictors have a delayed effect. Furthermore, the effect may be
distributed over various time lags. This is not limited to only environmental processes; In 1965, Almon
[19] was one of the first to describe a distributed lag model, which was in the context of econometrics.
To give a practical example, a distributed lag model, describing the expected value of the dependent
time series as a linear combination of historical values of covariates, could be

E[Yt] = g−1

�

β0 +
L
∑

l=0

βl x t−l

�

(4)

where each parameter βl quantifies how much x at time t− l affects the current observed value E[Yt].
The maximum lag L can be determined by knowledge of physical or otherwise process-related re-
straints, but will always be limited by the amount of data available. In effect only N − L observations
can be used for inference.

3.3 Generalized additive models using univariate smooths

Further generalization to the GLM can be achieved by replacing regression term βp x t p with a smooth
spline basis fp(x t p), which allows for more complex non-linear relationships to be modelled [18, 20].
For a single covariate, this may look like

E[Yt] = g−1 (β0 + f1(x t1))

where fp(x t p) is a spline basis, taking on the general form
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fp(x t p) =
k
∑

j=1

b j(x)β j . (5)

Here, k is the number of basis vectors. This type of model called a generalized additive model (GAM).
GAMs offer additional flexibility in modelling non-linear effects of predictors on the response {yt}. By
making the predictor a smooth function of the predictor variable, one can extend beyond mere linear
combinations and describe more complex non-linear behaviours. The function f (x t p) can be defined
as a continuous polynomial or a piece-wise function. The case of a first order polynomial would reduce
the GAM back to the form in Equation 3. While it would be possible to specify the degree of polynomial
or piece-wise linear sections manually, it is also possible to let statistical software estimate the optimal1

number of parameters.

Distributed lag and GLM Combining the distributed lag concept with the GAM results in what is
typically called a dynamic GAM (dGAM). For a single covariate, it can be formulated as

E[Yt] = g−1

�

β0 +
K
∑

k=1

f (bk,t, xk,t)

�

where bk,t is a vector of κ number of coefficient defining the smooth for the functional effect of the
data xk,t and K is the maximum number of lags. In most practical cases, where finite amounts of data
is available, one would need to ensure that K is significantly smaller than the number of parameters
in the model.

3.4 To Bayes, or not to Bayes

In the foreword of Bayes Rules! An Introduction to Applied Bayesian Modeling, Johnson, Ott, and Dogucu
[21] write the following:

“Though frequentist and Bayesian methods share a common goal – learning from data – the
Bayesian approach to this goal is gaining popularity for many reasons: (1) Bayesian methods
allow us to interpret new data in light of prior information, formally weaving both into a set of
updated information; (2) relative to the confidence intervals and p-values utilized in frequentist
analyses, Bayesian results are easier to interpret; (3) Bayesian methods can shine in settings
where frequentist “likelihood” methods break down; and (4) the computational tools required
for applying Bayesian techniques are increasingly accessible.”

I will go through these claims one by one and discuss their relevance for our problem.

1. Bayesian inference asks what is plausible given limited data and a known structure, whereas
frequentist inference asks what is supported by the data alone. That is, instead of merely finding
optimal parameters based on maximum likelihood,

p(y | θ)
︸ ︷︷ ︸

sampling distribution

(6)

Bayesian inference seeks to find

p(θ | y)
︸ ︷︷ ︸

posterior inference

∝ p(y | θ )
︸ ︷︷ ︸

sampling distribution

× p(θ)
︸︷︷︸

structural information

(7)

which is a distribution of model parameters θ given the observed data y . The structural infor-
mation takes the form of a prior distribution over the parameter space. This distribution does

1The “optimal" number of parameters for a model can be estimated by minimizing a value such as the Akaike information
criterion, a statistical measure which penalizes model complexity in order to avoid overfitting. The theory behind this is beyond
the scope of this project. The interested reader is referred to section 3.1.4, 6.11 and 6.12 in Wood [18].
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not depend on the data, but rather is informed by external knowledge. This means that physical
laws, environmental boundaries or other expert knowledge can be used to restrict the possible
parameter values. A simple example would be that of transport times. Even if we make no as-
sumptions about the transport time from, say, Sellafield to Särdal, the least we can say is that
it is not instant. There should be no effect of discharge at time t on activity concentrations at
that same point in time. Such physical restrictions can be applied in the priors to constrain the
model.

2. We are interested in the parameters that relate the discharge to the observed activity concen-
trations. Frequentist statistics gives us likelihood p(y | θ ), which answers: given this set of
parameters θ , what is the probability that we observe this data y? Bayesian inference provides a
posterior p(θ | y), that answers: given this set of data y, what is the probability that we observe
these parameters θ?. To link the former back to conclusions about the parameters requires some
mental effort, whereas the latter Bayesian approach gives more direct insights, including credible
intervals for estimated parameters. This is very useful for our particular research objective.

3. We have limited data available (see discussion in Section 4.3). Bayesian methods can be more
effective in the case of low data availability, assuming appropriate priors are chosen [22].

4. The chosen software for data analysis and its use is discussed in Section 4.7

4 Approach

This section first discusses the characteristics of the data and the physics that will help define the model,
as well as the challenges that may arise with that. Following that, the general principles of time series
analysis are described. Finally, by building up from basic statistical principles, the distributed lag model
is introduced and formulated for our particular problem and statistical toolkit.

4.1 Data description

The measurement data of isotopes studied in this project originate from Mattsson et al. [1] and are
measurements of activity concentrations in Fucus spp. , reported in Bq per kg of dried weight of Fucus
spp. (hereafter denoted Bq/kg d.w.), or else a unit derived from that quantity. All the measurement
and discharge data in time-series form can be seen in Figure 6. The discharge data comes from various
sources, and is provided on a yearly scale as TBq/y.

4.2 Physics considerations

The transport of radionuclides from nuclear facilities to the Swedish west coast, as well as consequent
uptake by Fucus spp. are influenced by various physical processes:

1. Process constraints: The processing rate of spent fuel and radioactive waste is limited by factors
like maximum throughput of chemical processes and staff capacity. The delivery of material is
also a discrete, and not continuous process. Therefore, the amount of material processed – and
consequently discharged – at a time t may be influenced by the amount processed at a time t−1.
This can be quantified by the autocorrelation function (ACF), as shown in Figure 4.

2. Accumulation: Pollutants can accumulate in Fucus spp., which like the first point also means
there is some autocorrelation in the radioactivity measurements over time.

3. Radioactivity: Although accumulation occurs, there is also loss due to radioactivity following
the isotope-specific half-life T1/2. This diminishes activity concentrations over time.

4. Biological loss: The transfer of radionuclides out of Fucus spp. and back into the marine en-
vironment through various biological processes, as discussed in Section 2.2. This loss varies
between isotopes, like how 129I appears to accumulate in Fucus spp., whereas other isotope ac-
tivity concentrations like 137Cs appear to diminish more rapidly much more quickly.
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Figure 3: Time series plots, including all the predictors and measurements, for the four different
isotopes: 14C, 137Cs, 129I and 60Co.

4.3 Dimensionality and data quality

It is also important to characterize the dataset itself, as there are some noteworthy features which affect
the choice of method. The earliest and latest measurement, 1967-07-15 and 2023-12-31 respectively,
were used to initialise a new dataframe with one date column, resulting in 20, 682 observations
(rows), which is 57 unique years. The available measurements from various isotopes were joined
to this dataframe. This procedure was done mainly to make computational processing smoother. In
reality only about 0.5% of the cells in the dataframe are filled with data. Table 1 shows the dates that
have at least one measurement available. Because the discharge data is provided on a yearly basis,
Table 1 also shows the number of years which have at least one measurement available.
Table 1 shows the limited amount of available data available per isotope. The non-trivial dynamics of
radionuclide transport should encourage a parsimonious modelling approach. Over-parameterizing a
model tends to lead to overfitting and also complicates interpretation. At the same time, it would be
naïve not to inform our modelling approach at all by the physical and biological processes at hand.
Therefore, the aim is to define a model that is flexible enough to account for the non-linear dynamical
transport and uptake processes, while rigid enough to be interpretable. For the remainder of this study,
the choice has been made to only look at four radionuclides with the most years of experimental data
available, namely 14C, 137Cs, 60Co and 129I.
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Figure 4: An example of the autocorrelation function (ACF) for various time lags of the yearly 137Cs
discharges from Sellafield. An ACF value outside of the region indicated by the dashed blue lines
indicates a statistically significant correlation between the series at X t and X t−τ. In this example,
the previous 6 years are correlated with the current year’s value. This is a statistical indication that
the discharge is not random and the time series is non-stationary. The GAM model as described in
Section 3.3 actually can deal with non-stationary data, and so does the software used in this project
(see Section 4.7). ACF plots for all other data can be found in Appendix A.

4.4 Särdal measurement distributions

When constructing a model, it is important to consider how the response variable (in this case, the
measurements in the seaweed for the four radionuclides) is distributed. Figure 5 shows the distribution
of Särdal measurements in the four radionuclides, normal and log-transformed respectively. The latter
shows that on the log scale, the measurement data is approximately normally (Gaussian) distributed.

4.5 Model terms

Now it is time to define the model terms. In the following paragraphs, we specify a model for one
specific radioactive isotope and its corresponding discharges and sampled activity concentrations.

Background activity term We assume that there is some level of activity concentration in Fucus
spp. even without the contribution of major external sources:

g(yt)∝ α+ ϵt (8)

where α is the mean activity concentration in Fucus spp. and ϵt ∼N (0,σ) is a random noise process
accounting for small variations over time. This is intended to represent the natural background levels,
which are assumed to be roughly constant. However, this term will also capture any ‘residual’ effect
which is not included explicitly in the model, which could come from any discharge sources that are
not explicitly added as predictors.

Autocorrelative term For Carbon-14 specifically, we should add an autocorrelative term to account
for the bomb pulse:

g(yt)∝ α+ ut + ϵt (9)
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Särdal time series Days with data Years with data
C14 (mixed data) 72 54
Co60 (F. serratus) 127 29
Co60 (F. vesiculosus) 101 29
Cs134 (F. serratus) 81 19
Cs134 (F. vesiculosus) 28 11
Cs137 (F. serratus) 223 50
Cs137 (F. vesiculosus) 183 50
I129 (F. serratus) 81 37
Tc99 (F. serratus) 18 9
Tc99 (F. vesiculosus) 24 14

Table 1: For each radionuclide activity concentration measured from Särdal samples (the first column),
the second column shows the number of days in the period 1967−2023 for which there is was at least
one measurement taken, and the third column shows the same on a yearly scale.

where ut = ρut−1 is an AR(1) term with ρ a parameter which will be estimated by the model. Note:
it will be only used for capturing autocorrelation from the atmospheric CO2 bomb pulse.

Species intercept Where sufficient seasonal (summer/winter) data is available, such information
could be used to inform the model. There are two ways one might initially solve this. The first is
pooling. This means creating a single model with one response series yt . One simply aggregates the
data into one time series, ignoring any potential variability between seasons. Alternatively, one could
take a no pooling approach, using two separate response series and thus predict two separate models,
e.g. ywinter

t and y summer
t separately. This means no information is shared at all. Yet, there is a third

approach. When one would like to account for possible variability among the species, yet have a
monolithic model, a partial pooling2 approach can be used. In practice, it means that the series are
denoted by season using seas

g(y seas
t )∝ α+αseas + ϵt (10)

where αseas is a season intercept. That means, if there are two species, the model will include two
intercepts, instead of one, yet these are not separate models. The parameters for the predictors (which
are added in the next paragraph) will still be jointly estimated, hence this is only a partial pooling
approach.

Distributed lag term Let the time series of marine discharges from the i-th source Si , lagged by τ
years, be denoted by Si

t−τ where τ ≥ 0. The distributed lag term is then a summation of the smooth
functions up to a maximum time lag L:

L
∑

τ=0

f (Si
t−τ,τ) (11)

where

f (St−τ,τ) =
K
∑

k=0

M
∑

m=0

βkm bk(St−τ)cm(τ) (12)

is the bivariate tensor smooth, an extension of what was described in Section 3.3

General model The general model now becomes

2For an explanation of partial pooling, see Johnson, Ott, and Dogucu [21, Chapter 15].
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Figure 5: Histograms showing the distribution of Särdal measurements for the four selected isotopes.
(a) The original measurements (Bq/kg d.w.), which are strictly positive and significantly right-skewed
except for Carbon-14. (b) The same data on a log scale, where distributions are closer to normal. This
supports modelling discharge measurements in Fucus spp. as log(y sp

t )∼N (µt ,σ
2).

g(y sp
t ) = α
︸︷︷︸

intercept

+ αseas
︸︷︷︸

seasonal effect

+
j
∑

i=0

�

L
∑

l=0

f (Si
t−l , l)

�

︸ ︷︷ ︸

Contribution from source i

+ ϵt
︸︷︷︸

error term

(13)

where the AR(1) term ut = ρut−1, not included here, can be included if there is a significant trend in
the measurements that is not explained by marine discharges.

Link function As discussed in Section 4.4, the measurements are approximately normally distributed
on the log scale. Thus, we let g(·) = log(·), meaning that the contributions from the sources are additive
on the log-linear scale, and multiplicative on the response scale.

4.6 Isotope-specific models

An isotope-specific model is specified for Carbon-14 (2 models), Caesium-137, Cobalt-60 and Iodine-
129, leading to 5 separate dynamic GAM models following the general form described in Equation 13.
The choice of distributed lag terms is based on what are considered to be likely dominant contributing
sources while balancing with data availability. This has been motivated in Section 2.2 and 4.3.

Carbon-14 There is a major contribution from the atmospheric bomb pulse. We try two approaches.
First, simply adding an AR(1) component to try and capture the residual bomb pulse effect. With
Sellafield (SF) and La Hague (LH) as sources, the model, written explicitly, becomes

log(yt) = α+
L
∑

l=0

f (SFt−l , l) +
L
∑

l=0

f (LHt−l , l) + ut + ϵt (14)

where ut = ρut−1 is the AR(1) term. The prior set for the AR term is ρ ∼ Beta(2,2), as this prior is
bounded on the interval [0,1], with the majority of the weight of this distribution towards the middle
of that interval.
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The second approach is to modify yt instead, subtracting a scaled version of the atmospheric bomb
pulse to approximate a time series without the bomb pulse. The data for atmospheric F14C between
1950-2019 is taken from Hua et al. [23], with linear extrapolation afterwards to match the dimen-
sionality of the Särdal measurements. Although in reality the bomb pulse in the marine environment
is more complicated, depending on both the specific site and the depth, this approximation was used
to de-trend the time series in order to see if this increased the potential for the model to pick up on
influences from SF and LH. The modified time series is y∗t = yt − 0.68 · y bomb

t . With SF and LH, the
model now becomes

log(y∗t ) = α+
L
∑

l=0

f (SFt−l , l) +
L
∑

l=0

f (LHt−l , l) + ϵt (15)

Caesium-137 Sellafield is considered a likely major influences, but as discussed in Section 2.2, the
primary contribution is considered Baltic sea outflow containing 137Cs from the Chernobyl disaster.
A synthetic Baltic sea outflow (BS) dataset was generated using the estimated fallout quantities and
effective half lives described in Herrmann et al. [11] 3. The model, written explicitly, becomes

log(yt) = α+
L
∑

l=0

f (SFt−l , l)
L
∑

l=0

f (BSt−l , l) + ϵt (16)

Iodine-129 The data provided had only samples for F. Serratus, but the 129I dataset is unique in
having sufficient sampling done by season. As discussed in Section 2.2, 129I activity concentrations
in F. Serratus have been observed to significantly differ between summer and winter samples. Thus,
we will model the summer and winter samples in the same model, but allow for a season-specific
intercept. This can capture variation in levels between the seasons. As for external influences, we
include Sellafield and La Hague:

log(y seas
t ) = α+αseas +

L
∑

l=0

f (SFt−l , l) +
L
∑

l=0

f (LHt−l , l) + ϵtz (17)

where seas now denotes the season, being winter or summer.

Cobalt-60 The influences modelled are La Hague (LH) and Barsebäck (BB). Due to low data availabil-
ity, the model cannot be made overly complex. Therefore, only LH and BB are included and Winfrith,
although possibly significant for early in the time series, is not included. Written explicitly, the model
becomes

log(yt) = α+
L
∑

l=0

f (LHt−l , l) +
L
∑

l=0

f (BBt−l , l) + ϵt (18)

4.7 Model specification in mvgam
Ecological time series often consist of discrete observations and a multivariate model consisting of en-
vironmental predictors. The R package mvgam was introduced by Clark and Wells [24], with the goal
of making Bayesian specification of dynamic GAMs more straightforward, while addressing some of
the common problems4 that are present in ecological time series analysis, such as observation errors,
missing values and/or irregular sampling (due to limited capacity or sample loss). Often, the data
is also overdispersed, which means the observed data has larger variance than can be explained by
the parametric model. Because mvgam is designed to make the model specification smoother for such
modelling problems, and the fact that GAM models naturally handle non-stationary data (which the

3For the R code used to generate this data, see Appendix B.
4See the introduction of Clark and Wells [24] and the references therein for more detailed explanation of common ecological

time series challenges. Here, we have just summarized the main challenges relevant for the radionuclide dataset.
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data in this project is; see Section 4.2) it is the modelling tool of choice for this project.

We used mvgam (version 1.1.593; Clark and Wells [24]) to construct, fit and interrogate the model.
mvgam incorporates functionalities from the brms (Bürkner [25]), mgcv (Wood [18]) and splines2
(Wang and Yan [20]) packages. The mvgam-constructed model and observed data were passed to
the probabilistic programming environment Stan (version 2.37.0; Carpenter et al. [26], Stan Devel-
opment Team 2026), specifically through the cmdstanr interface (Gabry et al. [27]). For all isotope
models, 4 Hamiltonian Monte Carlo chains were ran for 2000 warmup iterations and 4000 sampling
iterations for joint posterior estimation. Rank normalized split Rhat ([28]) and effective sample sizes
were used to monitor convergence. Because of low data availability, the lag and discharge spline bases
were specified at a complexity K = 4, which allows non-linear response while restricting the number
of parameters.

Because of the low data availability, the decision was made not to leave out any data for checking
inference of the model. It is important to note that this means we cannot truly say whether the model
is overfitting or not. However, there are some indications that can be used:

1. The number of effective degrees of freedom (EDFs) is a measure of the effective number of
parameters needed to describe the fitted model. Because mvgam penalizes complexity in the
model via regularization methods, a total number of EDFs that is significantly lower than what
was allowed indicates that the software favours low-complexity model over a high-complexity
one. By definition, a model that fits to noise is one of higher complexity than one that does not
fit to noise.

2. The actual fitted timeseries, back-casted onto the data. If we see the fitted time series perfectly
fitting to each data point, even the outliers, this suggests overfitting.

3. Autocorrelation in the residuals. This is actually a measure for underfitting (which we will use it
for), but a total absence of autocorrelation in the residuals can signify that the model is overfitting,
as it captures all the noise in the model.

5 Results

5.1 Fitted timeseries

The number of iterations specified in Section 4.7 resulted in Rhat of 1 for all chains of all models.
This indicates a convergence and that mvgam was able to find a fit for the data. The fitted time series
models are displayed in Figure 6. Overall the models appear to capture the trends well. However, it is
important to diagnose the model further. This is done in the next section.

5.2 Model diagnostics

We check three things: first, the effective degrees of freedom (EDFs). We compute the ratio of EDFs to
the maximum allowed degrees of freedom to see if mvgam favoured a less complex model over a more
complex model. Secondly, we will check whether there is any autocorrelation in the residuals. That
would indicate that there is some effect that is not captured by the model. Lastly, we will perform a
posterior predictive check (PPC), which is a common way to check to check the overall fit of a Bayesian
model [29].

Effective degrees of freedom See Table 2 for a summary of the EDF statistics of the fitted models. A
lower ratio would imply a simpler model, meaning mvgam has regularized the model effectively. This
suggests a correctly fitted model. On the other hand, a ratio closer to 1 means the signal in the data is
likely very weak, that is, there is no clear influence from the discharges on the observed concentrations
under the specified model. Like mentioned before, this can indicate overfitting, but is not a guaranteed
indicator for that.
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(a) Carbon-14 (AR-based model) (b) Caesium-137 (F. Serratus)

(c) Iodine-129 (F. Serratus, Winter) (d) Cobalt-60 (F. Serratus)

Figure 6: Fitter time series for each isotope. Results are only shown for select time series. The full
results are in Appendix C.

Isotope Max. DoFs EDFs Complexity
14C (AR-based model) 30 20.91 0.70

137Cs 46 4.893 0.11
129I 32 11.51 0.36

60Co 20 5.035 0.25

Table 2: Maximum allowed degrees of freedom (DoFs) compared to the effective degrees of freedom
(EDFs). The last column, complexity, is defined here as the ratio of EDFs to Max. DoFs. A value close
to 1 means the model took ‘advantage’ of allowed complexity, a lower ratio means it has regularized
strongly.

Residual autocorrelation If there is any significant autocorrelation left in the residuals y − ŷ of
the model, then this implies there is some discharge or other effect causing activity concentrations
to change, that is not one of the predictors included in the model. On the other hand, no significant
autocorrelation, although it once again does not confirm this is the best model, tells that there is at least
no significant effect left uncaptured under the given fitted model. For all models, the discharges appear
to explain most of the observed concentration. Winfrith, which was left out of the 60Co model due to
low data availability, thus does not appear a major influence, otherwise significant autocorrelation
would be left in the 60Co series.

Posterior predictive checks The idea behind a PPC is to see whether a fitted model can replicate
data that looks similar to the original distribution [29, 30]. This is not necessarily an indication of
the best fit, since multiple (possibly infinitely many) different statistical models could fit the same data
and produce representative results [30]. It is however a straightforward way to see if the model can
reproduce time series similar to the observed data. Figure 8 shows the PPC plots for each isotope
model. Overall the models can reproduce representative data but fail to capture the extreme outliers
(i.e. sharp peaks in measured activity concentration).
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(a) Carbon-14 (AR-based model) (b) Caesium-137

(c) Iodine-129 (d) Cobalt-60

Figure 7: Auto-correlation functions for the residuals of each isotope model. A dark red line outside
of the dashed black lines would indicate statistically significant autocorrelation. Only lag 7 of the
137Cs model appears to have some significant residual autocorrelation. Overall, the models are able
to describe Särdal activity concentrations as a function of the marine discharges without any major
influence still left. Carbon-14 shows very little deviation from the zero-line, which, combined with
the high complexity factor in Table 2, may indicate an overfitted model. For the other isotopes, that
there is some variation in the distribution of the residuals, which at least indirectly indicates that these
models are not fitting to all the noise, indicating neither a significant overfit nor a significant underfit.

5.3 Discharge-lag fitted surfaces

Figure 9-12 show the actual fitted tensor smooth surfaces, showing the joint effect of discharge and
lag on the observed activity concentrations in Fucus spp. at Särdal. A common observation between
the 137Cs, 129I and 60Co models is the very broad, dispersed structure in the surface. This suggests
that the discharges do not just have an effect on measured activity concentrations upon initial arrival,
but rather, there is a strongly diffusive effect that spreads the uptake and consequent observation over
several years. This kind of structure is one of the key insights that a distributed-lag approach is able
to give.

5.4 Additional terms in 14C and 129I

The measurements in 14C most clearly showed a trend, which comes from the atmospheric bomb pulse.
We accounted for this in two ways, one of which was using an AR(1) component. 129I was the only
isotope with sufficient and seasonally balanced data for the dGAM model to have a seasonal effect
included. Figure 13 shows the results for these two special terms.
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(a) Carbon-14 (b) Caesium-137

(c) Iodine-129 (d) Cobalt-60

Figure 8: PPC plots for each isotope on the original response scale (F14C for 14C, Bq / kg d.w. for the
others). Here, y (black) represents the true distribution of the data, and ŷ represents the posterior
draws. Overall we can see that the model can reproduce representative data, although the model fails
to capture the extreme values (data far to the right) of the data.
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Figure 9: Fitted tensor smooth surfaces and time series for 14C, for the AR(1) model (top row) and
the bomb-pulse corrected model (bottom row). For both fits, the overall shape in both dimensions and
for both sources is not aligning with previous literature. Keeping in mind that the previous diagnostics
indicating possible poor fit, this seems to further corroborate that the model is overfitting (over complex
and fitting to noise).

Figure 10: Fitted tensor smooth surfaces and time series for 137Cs. The effect of Baltic sea outflow
is concentrated around 1-2 years for maximum Baltic activity concentrations, but with a broad effect
across lags. This agrees with expectation of transport time into Kattegat. Sellafield discharges show
an increasing effect with increasing absolute discharge, with initial change in surface gradient around
4-5 years, which aligns reasonably with literature estimated transport time of 3-4 years from this
source [1]. Furthermore, a broad effect, possibly beyond 7 years (although this is not modelled due
to limited data), is observed.
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(a) Sellafield (summer) (b) La Hague (summer)

(c) Sellafield (winter) (d) La Hague (winter)

Figure 11: Fitted tensor smooth surfaces and time series for 129I, by season. The overall shape in the
lag dimension is aligning well with expectations in winter samples, with the strongest effect starting
around 4-5 years and 3-4 years for Sellafield and La Hague respectively.

Figure 12: Fitted tensor smooth surfaces and time series for 60Co. Barsebäck shows a broad effect
across all time lags, which would indicate a sustained (albeit low) effect in the marine environment.
La Hague has a more defined gradient over the lag dimension, particularly increasing around 4-5 years
after the discharge, which is slightly more delayed than what was found for 129I in Figure 11.
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Figure 13: The estimated autoregression parameter estimate for 14C (left) and the partial seasonal
effects for 129I (right). The mean of 0.57 for the parameter ρ in Equation 14 shows a significant effect
of the bomb pulse, as expected. The majority of the weight of the estimated distribution lies towards 1,
which indicates that the bomb pulse dominates the observed concentration, as expected. This further
highlights the difficulty in this particular model, as almost all of the signal is captured in the AR(1)
term. For the seasonal effect in 129I, there appears to be a marginal difference in the estimated summer
and winter effect, although the uncertainty on these estimated seasonal effects is very large.
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6 Conclusion

The dynamic generalized additive model proposed in this project has carefully been built up from first
principles of time analysis, with the concept of lag-discharge tensor smooth surfaces used as a way
to describe the non-linear transport process. While some of the models managed to reproduce some
results that are in line with literature, and give some new insight into the non-linear relationship be-
tween discharge and observed levels in Fucus spp., it is difficult to say whether the models are truly
representative or not. A more rigorous approach such as leave-one-out cross-validation (LOOCV) or
some type of sensitivity analysis is required to thoroughly test the models, but within the scope of this
project there was not enough time.

Rather, the focus of this project was to explore whether dGAM modelling approach is suitable at all
for radionuclide transport in the marine environment. The flexibility of the dGAM approach is clear,
although perhaps is a bit too flexible. By the way the tensor smooth surfaces are constructed and fitted,
it is not possible impose physical restrictions upon the shape of the surface in any dimension, lag or dis-
charge. However, there are reasonable restrictions that could be imposed on a radionuclide transport
model. The most poignant example of this is the impossibility of instantaneous or near-instantaneous
effect of remote marine discharges on Särdal levels. Take for example Sellafield discharges. Without
assuming the exact transport time, we expect a negligible effect at the lag 0, 1 and 2. Therefore, it
would be beneficial to penalize these improbable or impossible lags. However, such a restriction is not
possible to impose in a dGAM. One way is to exclude lags that are unlikely to have an effect from the
data completely. While rather crude, it is justifiable to exclude at least lag 0 (instant transport) from
the data, which is what was done in the approach of this project.

Overall, the conclusion is that the distributed lag modelling has potential for application to radionuclide
transport, as the models for 129I and 137Cs showed reasonable agreement with literature. However,
there are two primary limiting factors for the effectiveness of the model. First of all, having bivariate
smooths in both lag and discharge dimensions adds significant complexity. The fact that the formalism
of dGAMs does not allow for restrictions on the actual shape of the tensor smooth surface, makes it
difficult to reliably apply it in its current form. A second limiting factor is the low data availability
combined with lack of some key data (such as lack of data on 14C releases from Ringhals NPP and
Barsebäck NPP).

7 Future Outlook

Inclusion of Ringhals NPP and Barsebäck NPP The geographic proximity of Ringhals NPP and
Barsebäck NPP to Särdal means that these sources of effluent containing radionuclides should be ac-
counted for. This was done for 60Co but not the other ones. As discussed before, 14C release into the
marine environment is not monitored at these sites, meaning the influence on the observed concen-
trations in Fucus spp. cannot be quantified using this kind of model. Future models should attempt to
account for the releases from these two nuclear sites, where such data is available.

Restrictive modelling While the lag-discharge tensor smooth surfaces in theory provide a lot of
flexibility, as discussed in the conclusion, there are actually reasonable priors one could impose on
the relation. Future work could include finding alternative distributed-lag-type models where physics
restrictions can explicitly be used to penalize unrealistic influence from early lags.

Mixed temporal scales In the current approach and method, the temporal scales of predictors and
the response have to be matched in order to create a functional model in mvgam. When one has
two different temporal scales (daily measurements and yearly discharges), there are two solutions:
1) upsampling the yearly discharges to daily discharges (for example assuming constant discharge
throughout the year); or 2) downsampling the daily measurements to yearly scale (e.g. averaging).
The second approach was chosen in this project. It is clear that either procedure leads to a loss of
information. Future work could thus include 1) sourcing higher frequency discharge data, e.g. monthly
or daily discharges from Sellafield, La Hague, et cetera; or 2) explore mixed-frequency methods. This
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approach was developed in econometrics and is used in cases where one wants to model e.g. quarterly
GDP using daily stock market prices as a predictor [31]. Either of these would increase the total amount
of information available in the model and thus in theory improve chances of finding a suitable model,
but were outside the scope of this project.

Dilution factors The dGAM model can flexibly deal with various scales and units in both the pre-
dictors and the response variable, where the model presented here uses absolute discharge quantities
in TBq as a predictor for activity concentration in seaweed Bq/kgd w. This works fine for obtaining
information about lags and thus transport times. However, in order to obtain dilution factors directly
from the presented model, the predictors and response would need to be matched in units. Specifi-
cally, one would need time series of measurements of seaweed (ideally Fucus spp.) very close to the
discharge pipe exits at both La Hague and Sellafield (and possibly other sources) so that an activity
concentration in ACsource ∼ Bq/kgd w can be obtained. With such data as predictors, instead of the
current predictors in TBq, the parameters in a model ACseaweed ∼

∑

i βiACsource,i become interpretable
as dimensionless dilution factors. However, linking such data is further complicated by different effects
of temperature and salinity of the local marine environment. As such, it is unlikely that the presented
models could be used in a meaningful way to determine dilution factors.

Seasonality The model appears to pick up on seasonal effect for the 129I data, supporting recent
findings by Mattsson et al. [1]. This result highlights that some kind of hierarchical modelling ap-
proach, with seasons as levels, could effective for investigating seasonal effects for other isotopes too.
However, allowing for variation in the season explicitly leads to increased model complexity, since
this adds parameters to the model. Such an approach can thus only really be taken with sufficient
(season-specific) data available for a given isotope.
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A Autocorrelation tests

Figure 14: Autocorrelation functions for the measurement data.
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Figure 15: Autocorrelation functions for the marine discharge sources.
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B Baltic Sea outflow simulation

The values here are based on the study performed by Herrmann et al. [11] (pp. 21-22). White noise
is added to the process.

1

2 simulate_baltic_cs137 <- function(data_Cs137) {
3

4 # take a vector of years from the original dataset
5 years <- sort(unique(data_Cs137$year))
6 total_years <- length(years)
7 # number of data points after the incident
8 n_after <- length(years[years >= 1986])
9

10 t <- seq_len(n_after) - 1
11

12 # effective half lives used from HELCOM 2009 pp. 21-22
13 k_1 <- log(2)/2.5 # 1986 -1988
14 k_2 <- log(2)/9 # 1990 - end
15 y_0 <- 650 # approximate peak value Bq / m^-3
16

17 # prefill empty array
18 x <- array(5, total_years)
19

20 # expoenential decay with piecewise half lives
21 data <- y_0 * exp(- (k_1 * pmin(t, 3) + k_2 * pmax(0, t - 3)))
22

23 # replace the tail (from 1986 to end) by sim data
24 x[(total_years - n_after + 1):total_years] <- data
25

26 # add noise
27 set.seed (123)
28 x <- x + rnorm(total_years , sd = 0.1 * mean(x))
29 return(as.vector(x))
30 }

Listing 1: Function to simulate Baltic Cs-137 outflow.

C Full fitted time series
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(a) Carbon-14 (AR-based model) (b) Carbon-14 (Bomb pulse corrected model)

(c) Caesium-137 (F. Serratus) (d) Caesium-137 (F. Vesiculosus)

(e) Iodine-129 (Winter) (f) Iodine-129 (Summer)

(g) Cobalt-60 (F. Serratus) (h) Cobalt-60 (F. Vesiculosus)
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