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Schmidt et al.: Short-term predictions for shellfish aquaculture

ously described as highly responsive to rainfall
(Cefas 2012). River flow may also provide a proxy for
other events contributing to faecal contamination
(e.g. combined sewer overflows, application of slurry
to fields, etc.) and therefore it is not possible to
explain the direct cause for the varying E. coli con-
centrations. Turnaware Bar, the study point within
the Lower Fal estuary, is exposed to a lower ‘flushing’
time due to tides, thus resulting in a potentially
higher retention time of microbial contamination
from nearby sources (Uncles et al. 2002, Langston et
al. 2006).

For St Austell Bay, solar radiation was identified as
an important explanatory variable for predicting E.
coli concentrations (Table 3). All models displayed
the solar radiation term as negative, and this is con-
sistent with previous work by Campos et al. (2013)
that showed that solar radiation can influence the
die-off of E. coli in seawater. Additionally, Šolić &
Krstulović (1992) suggested that solar radiation may
be more important than seawater temperature in
altering the number of the faecal indicator. However,
for Turnaware Bar, all 3 models identified SST as a
key explanatory variable. Although E. coli optimal

growth temperature lies at around
37°C, it has been previously shown
that the optimal temperature for
survival is not necessarily the same
as that needed for optimal growth
(Rozen & Belkin 2001), as E. coli can
survive and stabilise at lower tem-
peratures within estuaries (Rhodes
& Kator 1988).

Ability to predict shellfish bed
classification

Using easily attainable environ-
mental measurements to predict
the shellfish E. coli concentrations
would enable local authorities to
estimate the likely variation in E.
coli within a shellfish area, in the
absence of regular monitoring, e.g.
if shellfish beds are currently not
used, but are available for lease.
Therefore, the confusion matrix al -
lowed the overall performance
(termed accuracy) and precision (if
predicted class B, how often was the
model correct) to be calculated for
both sites, using the best E. coli

model (the model with the lowest RMSE).
The overall accuracy for St Austell Bay was 99%,

determined using data from 2008−2016 (n = 107), and
100% for data from 2016 only (n = 13). Additionally,
the precision was 100% for data from 2008−2016 (n =
107) and 100% for data from 2016 (n = 13). Similarly,
results for Turnaware Bar showed a high accuracy of
98% for data from 2011−2016 (n = 63) and 100%
using data from 2016 only (n = 10), with a precision of
100% (2011−2016, n = 63) and 100% for just 2016
(n = 10). We note that despite the use of long-term
datasets (St Austell Bay: 9 yr; Turnaware Bar: 5 yr),
relatively limited variations in E. coli are apparent.

Models for biotoxin concentrations in 
St Austell Bay

The observed and modelled biotoxin concentra-
tions can be seen in Fig. 3. During 2016, the observed
biotoxin concentrations ranged from below the
reporting limit up to 2013 µg OA eq. kg−1 shellfish
flesh. Between mid-July and the end of October, the
observed biotoxin concentrations were above the
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St Austell Bay Turnaware Bar
Mean SD RMSE Bias Mean SD RMSE Bias

Observations 1.54 0.39 2.23 0.68
GLM* 1.92 0.33 0.48 –1.54 2.57 0.31 0.68 0.34
Averaged GLM 2.15 0.32 0.7 0.61 2.82 0.3 0.87 0.58
GAM 2.1 0.37 0.65 0.57 2.79 0.36 0.87 0.56

Table 2. Comparison between modelled and observed Escherichia coli for 2016
for St Austell Bay and Turnaware Bay according to statistical measures. All val-
ues are presented as log10 E. coli 100 g−1 shellfish flesh. RMSE: root mean square
error, GLM: generalized linear model; GAM: generalized additive model; *: best 

performing model

Model                   St Austell Bay                               Turnaware Bar

GLM                     Lag rainfall* and solar                River flow* and SST*
                             radiation                                        

Averaged GLM    Lag rainfall*, solar radiation*,    River flow*, SST*, wind 
                             rainfall, wind speed and SST      direction, solar radiation 
                                                                                    and rainfall

GAM                     Lag rainfall, solar radiation         River flow*, SST* and 
                             and as smoothed term:                as smoothed term: lag 
                             rainfall                                           rainfall*

Table 3. Explanatory variables identified for Escherichia coli models for
St Austell Bay and Turnaware Bar. An asterisk (*) marks variables that con-
tributed significantly (p < 0.05) to the model. GLM: generalized linear model; 

GAM: generalized additive model; SST: sea surface temperature
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maximum permitted level of 160 µg OA eq. kg−1

shellfish flesh (EU 2011), indicated as the red hori-
zontal line in Fig. 3, and therefore the shellfish farm
was closed for this period.

Table 4 lists statistical measures for observed
(mean, SD) and modelled (RMSE, bias) biotoxin con-
centrations. The averaged GLM produced the lowest
RMSE (582.3 µg OA eq. kg−1 shellfish flesh), whereas
the GAM showed the smallest bias of −71.01 µg OA
eq. kg−1 shellfish flesh.

All 3 models were consistent in capturing the in -
crease and reduction of biotoxin concentrations
within the shellfish (i.e. the points at which concen-
trations increase and decrease in relation to the legal
limit, Fig. 3). However, all models showed differ-
ences in their response when modelling the period
between the ‘accumulation’ and ‘depuration’ phases.
The depuration of biotoxin concentrations within the
shellfish depends upon the species and the physio-
logical conditions of the shellfish, e.g. fat content,

respiration state, growth, food avail-
ability etc. (Hallegraeff 1995). No phys-
iological parameters, describing the
depuration of the group biotoxin OA/
DTX/ PTX in blue mussels, were found
in the published literature, and thus it
was not possible to identify specific de -
puration parameters for the model de -
velopment. Future studies describing
the toxicological profile of OA/ DTX/
PTX in blue mussels (Mytilus spp.)
would therefore be beneficial.

Modelling biotoxin accumulation and
depuration phases in St Austell Bay

To investigate the difference be tween
accumulation and depuration of the
biotoxin, the models were retrained
using either only accumulation data
(n = 27 observations from 2014 and
2015) or only depuration data (n = 27
observations from 2014 and 2015). The
‘accumulation’ phase was defined as
the beginning of the year to the highest
observed biotoxin concentrations, while
the ‘depuration’ phase was defined as
from the highest observed concentra-
tion to the end of the year.

The accumulation models showed
higher RMSE (in µg OA eq. kg–1 shell-
fish flesh: GLM = 1745.73; averaged
GLM = 858.33; GAM = 1151.99) than
the models trained on the full dataset
(see above) when evaluated using the
full evaluation dataset (Table 4). Simi-
larly, the depuration models also showed
a higher RMSE (in µg OA eq. kg–1 shell-
fish flesh: GLM = 868.39; averaged
GLM = 110.29; GAM = 17965.03), and
both models were unable to capture the
appropriate response of the bio toxin
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Fig. 3. Modelled and observed biotoxin concentrations in St Austell Bay for
the year 2016. All biotoxin concentrations are displayed as µg okadaic acid
(OA) eq. kg−1 shellfish flesh. Modelled concentrations (green line ± model SE,
shading) were obtained by (A) a generalized linear model (GLM), (B) aver-
aged GLM and (C) a generalized additive model (GAM). Observed biotoxin
concentrations are shown in lines with triangles, where the blue line (shad-
ing) = high (low) measurement uncertainty values. The red line indicates the
maximum permitted level of 160 µg OA eq. kg−1 shellfish flesh at which point
the farm is closed. Note different y-axis scales; model SE of GLM (in A) were 

too small for shading
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concentration. This result supports the usage of the
model trained on the full dataset in order to forecast
biotoxin concentrations and highlights that different
environmental and physiological factors are control-
ling the accumulation and depuration phase.

Ability to predict farm closure and reopening due
to biotoxins

The ability for a farm to identify the potential
closure due to accumulation of biotoxins in mussels is
advantageous for supporting decisions on harvesting
and sales (e.g. when to sell existing stock at wholesale
prices). Therefore, the performance of the model with
the lowest RMSE (averaged GLM) trained on the
full dataset (Tables 1 & 4) to accurately forecast the
closure of a shellfish farm was evaluated. The overall
performance (accuracy), false positive rate (false pre-
diction of an open farm, when it should actually be
closed) and false discovery rate (error in predicting
the opening and closure of the farm) were calculated. 

The nowcast predictions (n = 78 observations for
2014−2016) of the confusion matrix produced an
accuracy of 84% with a false positive rate of 2% and
false discovery rate of 4%. Results using data from
just 2016 showed a higher accuracy
(92%) with a false positive rate of 6%
and a false discovery rate of 13% (n =
24 observations). For a 1 wk forecast
(n = 78 observations for 2014−2016),
the accuracy was 86% with a false
positive rate of 0% and false discov-
ery rate of 0%; in comparison, results
for the 1 wk forecast using just 2016
data showed an accuracy of 96%,
with a false positive rate of 0% and
false discovery rate of 0% (n = 24
observations).

Environmental drivers for biotoxin concentrations
in St Austell Bay

Environmental variables such as SST, solar radia-
tion and wind speed were identified as key drivers
for the different biotoxin models (Table 5). Addition-
ally, other environmental variables, including lag
rainfall and wind direction contributed to some of the
models.

Ambient temperature influences the filtration rate
and pumping activity in blue mussels (Jørgensen et
al. 1990). The distribution and occurrence of the
dino flagellate genus Dinophysis spp. in the water
column in temperate regions can be related to strati-
fication of the water column (Raine & McMahon
1998). Seawater temperature, salinity and dissolved
oxygen concentrations were recorded in close prox-
imity of the shellfish farm from autumn 2015 until
summer 2016 using a moored buoy (refer to Schmidt
et al. 2018 for its design; triangle in our Fig. 1B).
Fig. 4 shows that the SST just outside of the farm at
1.1 m depth increased by 2°C from 2−8 July 2016,
indicating that thermal stratification could have
taken place within the farm in July (e.g. as the farm
itself is likely to accelerate stratification by dampen-
ing vertical mixing). In addition, the increased dis-
solved oxygen concentrations (9.2 to 11.6 mg l–1;
green line in Fig. 4) from 5−7 July 2016 indicate an
in crease in biological activity close to the farm site.
This period would coincide with the closure of the
farm on 5 July 2016 due to high biotoxin concentra-
tions (indicated as a red vertical line in Fig. 4). These
observations support the hypothesis (Farrell et al.
2012) that increased abundance of Dinophysis spp. in
the water column can be related to thermal stratifica-
tion. However, a future study would need to confirm
this by placing the instruments within the mussel
farm ropes.

A further important factor influencing the distribu-
tion of Dinophysis spp. can be transport by ocean
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Observation/ St Austell Bay
model Mean SD RMSE Bias

Observed data 514.71 633.46
GLM 227.61 159.48 596.14 −287.1
Averaged GLM* 404.07 409.7 582.3 −110.64
GAM 443.7 507.24 671.59 −71.01

Table 4. Comparison between modelled and observed bio -
toxin concentrations for 2016 for St Austell Bay according to
statistical measures. All values are presented as µg okadaic
acid eq. kg−1 shellfish flesh. RMSE: root mean square error,
GLM: generalized  linear model; GAM: generalized additive 

model; *: best performing model

Model                    Explanatory variables for biotoxin in St Austell Bay

GLM                      SST* and wind speed

Averaged GLM     SST*, solar radiation*, wind speed, lag rainfall and 
                               wind direction

GAM                      SST*, solar radiation*, wind speed* and as smoothed 
                               term: lag rainfall

Table 5. Explanatory variables identified for modelled biotoxin concentrations
in St Austell Bay. An asterisk (*) marks variables that contributed significantly
(p < 0.05) to the model. GLM: generalized linear model; GAM: generalized 

additive model, SST: sea surface temperature
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 currents from offshore locations into coastal bays
 (Escalera et al. 2010). Raine et al. (2010) suggested
that wind-driven water exchange between the south
coast of Ireland and the continental shelf is responsi-
ble for an influx of Dinophysis spp. into a shellfish
harvesting area. Large-scale, wind-driven advective
processes were also proposed by Whyte et al. (2014)
to explain large coastal blooms of Dinophysis spp. in
the Shetland Islands. All 3 biotoxin models identified
wind speed as a key environmental factor for the

shellfish biotoxin concentration. How -
ever, no significant correlation was
found between increased bio toxin
con centrations and wind speed or
direction. As a third key environmen-
tal driver, solar radiation was identi-
fied as an important factor by the
models. Toxicological profiles of diar-
rhetic shell fish poisioning (DSP) toxin
reported that its synthesis requires
light and is coupled to the cell divi-
sion cycle (Pan et al. 1999). This again
supports the hypo thesis that stratifi-
cation is important, as stratification
will imply reduced turbidity and
therefore an im proved light field
within the water column. We chose
to focus on OA/ DTX/PTX toxins, as
these were a significant issue for the
shellfish farmer in St Austell Bay.
Mussels were the focal shellfish, as
they dominate the global bivalve pro-
duction and can be used as indicator
species for monitoring the production
of other bivalves. Clearly the generic
nature of the approach means that
it could be applied to other toxin
groups (e.g. paralytic shellfish poi-
soning [PSP], amnesic shell fish poi-
soning [ASP], azaspiracids poi soing
[AZA]) if sufficient data to train and
evaluate the models exist. However,
for our study site and temporal period
(2014−2016), neither PSP nor ASP
exceeded the maximum permitted
limit, and there were only 3 instances
of AZA exceeding the permitted limit.
Therefore, we were unable to test the
applicability to other toxin groups.

CONCLUSIONS

This study has demonstrated that a generic ap -
proach and a suite of readily available environmental
data (in situ, satellite observations and meteorologi-
cal nowcasts and forecasts) can be used to success-
fully model the Escherichia coli concentrations with -
in shellfish living in an estuarine and a coastal
shellfish site, despite the sites exhibiting contrasting
hydrography. The same methodology was then shown
to successfully model the biotoxin concentrations
within shellfish living in a coastal shellfish site. The
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Fig. 4. In situ data from the monitoring buoy (see Fig. 1) from 1 June to 22 July
2016, with a sea surface temperature (SST) sensor at 1.10 m, a salinity sensor
at 1.25 m and an oxygen sensor at 1.65 m depth. The monitoring buoy was lo-
cated close to the shellfish farm and its design is described in Schmidt et al.
(2018). Vertical red line indicates the date (5 July 2016) when the shellfish
farm was closed due to high biotoxin concentrations (>160 µg okadaic acid
[OA] eq. kg−1 shellfish flesh). The mean SST is shown as a black line with tri-
angles, mean salinity is shown as a blue line with circles, and the mean dis-
solved oxygen concentration is shown as a green line; for all lines, shading 

represents the minimum and maximum values
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accuracy of the models was evaluated and charac-
terised using data independent from the training
data, and indirectly verified using measurements
from an in situ monitoring buoy located close to one
of the sites. The inputs to these models were identi-
fied by a metadata analysis as being important for
influencing the E. coli and biotoxin concentrations
within shellfish, and the parameters identified as sig-
nificant by each model analysis are consistent with
previous studies.

Whilst the models were less able to accurately pre-
dict the absolute values of the concentrations within
the shellfish, the modelled variations in E. coli and
biotoxin concentrations have been demonstrated to
be reliable for supporting farm decision making.
Accurate classifications of a change in shellfish bed
class and forecasting closure due to biotoxin accumu-
lation were both possible. The biotoxin models can
be used to provide a 1 wk forecast. Such an early
warning can provide and support the shellfish farm-
ers in their management by guiding harvesting deci-
sions and pricing strategies. Using these forecasting
approaches is also likely to help increase customer
confidence in shellfish products, and give farmers
increased confidence when selling their product.
After initial model development for a harvesting site,
the shellfish farmer could use this approach and the
subsequent models to forecast changes within their
farm shellfish stock, towards supporting farm man-
agement decisions. However, it is likely that a yearly
update of the model parameters would be needed to
account for temporal changes in the catchment,
regional climate, changes to farm composition and
size, and influences that the farm itself will have
upon the local ecosystem.
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