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Abstract

The control and monitoring of marine biotoxins in bivalve molluscs is an important and complex task
aimed at preventing bivalve poisoning and protecting the production sector. Within this context, the need
arises to detect and predict values of biotoxins in bivalves above regulatory limits, with a view to timely
forecast the bivalve harvest ban and minimize negative impacts on the production sector. Currently, several
techniques based on automatic learning have been used to detect outliers or predict values in time series.
These statistics-based techniques have been widely used due to the ability to adjust models that have good
accuracy, important task that defines the quality of the forecast. However, for proper application and
interpretation of the models, all steps involved in data preprocessing, model estimation, validation and
visualization, which are extremely important tasks in a monitoring and forecasting process, have not been
properly addressed. In this work, we present the main techniques and models used in various branches of
science for medium and long term forecasting of time series, aiming to predict marine biotoxins present in
bivalve molluscs in Portugal. A proposal for developing a web or local tool covering all the steps listed
is presented (available at https://ipma.shinyapps.io/SIMBA). Preliminary results of the application of the
Integrated Autoregressive Mixed Moving Average Model (ARIMA), Autoregressive Vector Model (VAR),
Autoregressive Moving Vector Model (VARMA), Autoregressive Neuronal Networks (NNAR) and Recurrent
Neuronal Networks (RNN) to 2014-2018 biotoxin data provided by the Portuguese Institute of Sea and
Atmosphere (IPMA) are presented. The IT platform can automatically select the best model through the
defined metrics. For the time series studied the most accurate model for long-term forecasts is the RNN,
but for short-term forecasts the NNAR model stands out with the best metrics.
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1. Introduction

The proliferation of toxic microalgae that recur-
rently occurs on the Portuguese coast is a phe-
nomenon that, although natural, can have negative
impacts on food safety, the local economy of var-
ious coastal regions and particularly the fisheries
sector. Bivalve molluscs, such as mussels, clams
and oysters, are organisms that feed through sea-
water filtration processes. During the proliferation
of toxic algae, these organisms can accumulate high
concentrations of biotoxins, so most coastal coun-
tries have a monitoring program in place to pre-
vent contaminated bivalves from being marketed
and affecting public health. In Portugal, it is up
to the Portuguese Institute of the Sea and Atmo-
sphere (IPMA, I.P.) to carry out this environmental
surveillance in order to minimize acute poisoning
by marine biotoxins in bivalve molluscs. Follow-

ing the European Directives set out in Regulation
(EC) No 852/2004 and 854/2004 of the European
Parliament and of the Council of 29 April 2004 lay-
ing down (i) specific hygiene rules for food of ani-
mal origin and (ii) rules organization of official con-
trols on products of animal origin intended for hu-
man consumption, IPMA prohibits the collection
and marketing of bivalve molluscs where the con-
centration of biotoxins determined in the samples
analyzed exceeds regulatory limits. This ban may
be more or less prolonged over time depending on
several factors, notably the type of biotoxins or the
species of bivalve. In either case, there are always
constraints on the productive sector, and in some
cases can lead to significant economic losses.

Marine biotoxins are produced by certain phyto-
plankton species, and phytoplankton represent the
basis of the marine trophic chain. Even the small



percentage of biotoxin-producing species (0.02 %)
can cause serious damage to the environment and
to humans [1]. Algae growth is influenced by cer-
tain environmental conditions such as temperature,
light availability, and increase or availability of nu-
trients [2]. Therefore, accounting for as much in-
formation as possible is expected to add value to
the predictive capacity of the models developed to
predict the toxins content in bivalve molluscs.

This work addresses the challenge of predicting
the contamination of bivalve molluscs by marine
biotoxins. Data collected by IPMA from 2014 to
2018 (available at www.ipma.pt) refer to DSP, ASP
and PSP biotoxin values. Acronyms derived from
the terms Diarrhetic, Amnesic, Paralytic, Shellfish
Poisoning. DSP toxins are the most common ma-
rine biotoxins in Portugal, causing less severe dam-
age than ASP and PSP toxins, but are still re-
sponsible for gastrointestinal problems. Being the
most common in Portugal and leading to the fre-
quent ban on the collection and marketing of bi-
valve molluscs, DSP toxins will be the focus of this
work. State-of-the-art time-series models will be
developed to predict DSP content in mussels based
on time series of the DSP in mussels and biomass
of marine phytoplankton from the Aveiro region.
These models will be incorporated into a web and
local platform to predict contamination of bivalve
molluscs by marine biotoxins with the aim of as-
sisting IPMA in anticipating catch interdiction pe-
riods, as well as helping the production sector. The
platform also incorporates preprocessing, dynamic
visualization, multivariate data analysis and creates
daily reports.

2. Materials and methods

2.1. Data sources and collection

2.1.1. Study area

The presence of biotoxins in bivalve molluscs is
weekly monitored by IPMA in shellfish from the
41 shellfish production areas defined within the 9
coastal zones (Fig. 1), L1 to L9, where L1 is the
northern most coastal zone of mainland Portugal,
and L9 is on the southern border between Portu-
gal and Spain, along the Guadiana River [3]. The
okadaic acid (OA) inated from dinoflagellates of the
Dinophysis genus is the most common toxin being
responsible for the diarrhetic shellfish poisoning and
recurrent closures to shellfish harvesting. Historical

Figure 1: Location of the most relevant classified shellfish
production areas along the Portuguese coast (available at
www.ipma.pt).

data on laboratory analyses from in-situ measure-
ments was provided by IPMA.

A subset of the original data from to the Aveiro-
RIAV1 zone was chosen, as it is a problematic zone
often presenting biotoxin values above the regula-
tory limit. The mussel was the bivalve organism
chosen, an indicator species of marine biotoxins,
used in this work as an indicator of DSP toxins.

2.1.2. Laboratory analyses

Data from the national monitoring program for
shellfish safety includes: biotoxins concentration
weekly quantified in shellfish and toxic phytoplank-
ton cell counts in seawater from the 41 shellfish pro-
duction areas. A total of 9264 instances of marine
biotoxins were observed from 2014 to 2018, with
a maximum marine biotoxin concentration of 1035
(µg OA eq kg −1) in the Aveiro region for the mus-
sel, and an average value in the data set of 117 (µg
OA eq kg −1). At the same time, noxious phyto-
plankton data were collected during the same pe-
riod as marine biotoxins. The time series for mus-
sel in the selected shellfish production zone Aveiro-
RIAV1 contains data from 2014 to 2018, covering a
total of 204 entries or observations. Figures 2 and
3 show the time series used for OA in the mussel
and phytoplankton in the Aveiro-RIAV1 zone.
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Figure 2: DSP time-series profile in mussel, in the Aveiro -
RIAV1 harvesting area (regulatory limit 160 µg OA equiv
kg −1.

Figure 3: DSP-causing phytoplankton species.

2.2. Model selection

2.2.1. Autorregressive (AR) models

The Autoregressive Integrated Moving Average
(ARIMA) model is a linear model that is commonly
used to make predictions based on AR models Au-
torregressive (AR) [4] and the Moving Averages
(MA) [4, 5]. This model is normally used when
the data show evidence of nonstationarity, trans-
forming the time series into stationary time series
through a difference operator, called a differentia-
tion operator. In the ARIMA model, the predicted
value for a variable is a result of a linear function
that uses observations and past random errors [6],
assuming a relationship between past and current
values. In the model ARIMA(p, d, q), p represents
the autoregressive order, d the degree of differen-
tiation, and q the moving average order [7]. The

ARIMA model is defined as

(1−
p∑

i=1

(φiL
i))(1− L)dXt = (1 +

q∑
j=1

(θjL
j)εt),

where L is the offset, is a linear operator that is
denoted by Lk, with LkXt = Xt−k. εt is white
noise and φi is the trend component, θj are model
parameters and coefficients.

Vector Autoregression (VAR) is an extension of
the AR model, a multivariate model that unlike
the AR model it uses a vector composed of mul-
tiple variable values as input data. VAR models
the dynamic relationships between variables, be-
ing promising for multivariate series that a pri-
ori present dependency relationships between vari-
ables [8]. If each variable has a causal relationship
to the dependent variable in the model, this rela-
tionship is determined by the Granger [9] causality
test. The VAR model is defined as

Zt = φ0 +

p∑
i=1

(φiZt−i) + at,

where φ0 is a k-dimensional constant vector φi are
arrays k x k for i > 0, φp 6= 0 and at is a sequence
of independent random vectors and identically dis-
tributed (iid) with zero mean and covariance matrix∑

a, through the back-shift operator, the model is
φ(B)Zt = φ0 + at, where φ(B) = Ik −

∑p
i=1(φiBi)

is a p degree matrix polynomial [10].
Autoregressive Moving Averages Vector

(VARMA) consists of two simple models (AR
and MA). VARMA uses a value vector where
each value belongs to a variable, thus becoming
a multivariate model. Similarly to the VAR
model, the VARMA model allows you to study
dynamic relationships between variables, which
generally improves predictive accuracy, and can
model multiple dependent time series at the same
time [11]. The K-dimensional multiple time series
(Y1, Y2, ..., YT ) is assumed to have zero mean and
the following VARMA process may be designated

Φ(B)Yt = Θ(B)µt,

where Φ(B) = I − Φ1B − ... − ΦpB
p and Θ(B) =

I + Θ1B + ...+ ΘqB
q, B is the back-shift operator,

where BYt = Yt−1, µt is the white noise, the arrays
Φ1, ...,Φp and Θ1, ...,Θq with dimension K x K, are
respectively the autoregressive and moving average
parameters [12, 10].
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Artificial Neural Networks (ANN) are a type
of data-driven model, inspired by the way the
brain works, the ability of neurons to connect, and
the overall functioning of the nervous system [13].
ANNs typically consist of three types of layers: an
input layer, hidden layers, and the output layer
(Figure 4). At the input layer the external ele-
ments are defined and represented manually. Neu-
ronal networks determine weighted connections be-
tween the input layer and the output layer through
neurons. The neurons are in the hidden layers and
are responsible for activating a nonlinear function,
usually a sigmoid function. This activation is done
by summing the inputs coming from input nodes by
feedforward or output nodes by feedback [14].

Given Z = z1, z2, ..., zj the hidden layer set, the
entries in the hidden neuron j are linearly combined
to provide

zj = bj +

n∑
i=1

wijxi, (1)

where wij are the layer weights, xi are the input
values, bj is the bias, then the result is input to
a given nonlinear function. Bias and weights are
learned through the data. When a net is trained,
it usually tends to have very high weight values at
certain stages, so the values are restricted.

Figure 4: Representation of an Artificial Neuronal Network.

Autoregressive Neuronal Network (NNAR) is the
type of simple artificial neuronal network that is
based on the characteristics of autoregressive mod-
els, so it also uses previous values to predict or clas-
sify sequences. The above values are those used
in the input layer, all subsequent processing being
a basic artificial neural network [15]. Given the
autoregressive neural network NNAR(p, k), it in-
dicates that p lagged values will be used as input
and k nodes in the hidden layer. The NNAR(p, 0)

model is equivalent to a ARIMA(p, 0, 0) model,
without the constraints on the parameters to ensure
that the time series has the stationarity property.

Recurrent Neuronal Network (RNN) is a more
complex ANN that requires domain knowledge for
better fit and interpretation. RNNs handle chrono-
logical data with a return cycle [16], with previous
outputs being used to predict the new value. In
addition to forwarding the value to the new layer,
an RNN also sends the value to the current layer’s
input. All values are processed to generate a new
output. This operation is done recursively during
net training (Figure 5). RNN can use internal mem-
ory for better information processing and model
performance [17], called Long Short-Term Memory
(LSTM). LSTM can remember previous sequence
values, and accepts previous data with addition op-
eration so that the explosive gradient problem does
not occur. An error gradient is calculated dur-
ing the training of an RNN that is used to update
weights to guide the net in the right direction.

Figure 5: Representation of a Recurrent Artificial Neuronal
Network.

2.3. Time series analysis

Before model fitting, the properties of the time
series studied must be carefully evaluated. Many
models have prerequisites that when not met the
parameters are poorly adjusted or the prediction
quality does not become good enough. It is there-
fore necessary to define how the model parameters
are chosen and how the prediction results obtained
by the selected models are evaluated.

2.3.1. Stationarity, differentiation and seasonality

A series is considered stationary if during regular
periods of time its statistical properties remain the
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same. If the properties of the time series or process
change over time, the series is named nonstation-
ary, in which case differences must be considered to
stabilize the model and make it stationary, that is,
y

′
= yt − yt−1. Time series often do not become

stationary when only one difference is applied, it
may be necessary to differentiate time series data a
second time [18]. Differentiation is required to ob-
tain a stationary series that corresponds to a series
with constant mean and variance over time [19].

Trends can be found in time series that are part
of a given cycle or they can be totally random and
may or may not change over time. Generally, trends
are detected by linear increase or decrease. In the
composition of a time series we can find two im-
portant factors, seasonal factors, which are periodic
with a known period, and cyclical factors, which are
periodic, but with unknown and unanticipated pe-
riods. Seasonality indicates certain behaviors (fluc-
tuations) that always occur in a certain period, an-
nual, monthly, weekly, and in some cases daily pe-
riods, such as car bookings at different times of the
day, are called seasonal events [20].

2.3.2. Autocorrelation and Partial Autocorrelation
Functions

The Autocorrelation Function (ACF) is a mea-
sure of variability in the variable, helping to under-
stand if data behaves similarly over time. It is gen-
erally evaluated by constructing an autocorrelation
plot as depicted in Figure 6. Autocorrelation corre-
sponds to the correlation of the series with the series
itself with a lag, represented as the number of time
periods in which the time series data is separated.
An exponential decrease in the ACF curve is gener-
ally indicative that the data follow an autoregres-
sive model [6]. The Partial Autocorrelation Func-
tion (PACF) is a correlation coefficient between the
observations of a given variable in a time series sep-
arated by k values, i.e., it is the correlation between
Xt and Xt−k, eliminating the linear regressions on
Xt−1...Xt−k+1 of the variable [21].

2.3.3. Parameter estimation

To select the best parameters of a given model,
the following two criteria were used.

The Akaike Information Criteria (AIC) is an es-
timator of the relative quality of statistical models.
It is widely used to choose a good forecasting model
from various suggested or candidate [22]. The best
model or model with the best predictive power cor-

(a) Autocorrelation.

(b) Partial autocorrelation.

Figure 6: a) Autocorrelation and b) Partial autocorrelation
functions of the marine biotoxin time series from the Aveiro-
RIAV1 zone.

responds to the model with the lowest AIC value
[23]. This criterion is defined as

AIC = −2 log(Lp) + 2p, (2)

where p is the number of parameters and Lp is the
maximum likelihood function of the model.

The Bayesian Information Criterion (BIC) as-
sumes the existence of a model that describes the
characteristics and relationships between the de-
pendent variable and the various explanatory vari-
ables among the various models under selection.
Thus, it is defined as a statistics that maximizes
the probability of always identifying the true model
among all evaluated. This criterion can be mathe-
matically defined as

BIC = − log(L) +
P

2
log(N), (3)

where p is the estimated number of parameters, L
is the maximum likelihood function of the model,
and N is the number of training samples [24].
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2.3.4. Model prediction quality

After choosing the best parameters, an evalua-
tion of the models in terms of short and long-term
forecasting accuracy is performed [25], for which
certain metrics can be used. A forecast “error” is
the difference between an observed value and its
prediction [26]. Measures of the accuracy of the
m forward predictions will be considered, such as
Mean Square Error (MSE), Root Mean Squared Er-
ror (RMSE) and Mean Absolute Percentage Error
(MAPE) [25, 27].

It is a good practice to separate available data
into training and test data. Training data is used
to estimate the parameters of a prediction model,
while test data is used to evaluate its predictive
ability. This way, we will have an indication of how
well the model can predict new data in the short
and long term can be obtained.

2.4. Computer forecasting platform

With the goal of creating a marine biotoxin pre-
diction system, a platform was developed that per-
forms prediction operations quickly, available, mo-
bile and adaptable, with web-accessible implemen-
tation that is easily interpreted and reproduced.
The computer platform called Marine Biotoxin
Monitoring System (SIMBA, from the portuguese
“SIstema de Monitorização de Biotoxinas mArin-
has”), aims to support the monitoring developed
by IPMA, offering a valuable predictive component.
The platform brings many valuable components,
such as more detailed data visualization and au-
tomatic adjustment of forecasting models. These
benefits can be enjoyed by average and experienced
users in time series prediction, data formatting sup-
ports are offered, as well as a text tutorial. All out-
puts and results can be transferred, all actions are
adjustable, and parameters can be changed at run
time. The platform uses automatic techniques for
selecting the best forecasting models, making the
results fully accessible to the user. The platform is
ready to make predictions with autoregressive mod-
els and artificial neural networks. It can be said
that it is a fully adjustable application, regarding
both the interface and the internal algorithms.

The R statistical software [28] was used for all
model computations, on a computer with the fol-
lowing characteristics: Intel (R) Core i5, 1.40GHz
and 4.00GB of RAM. The platform was created
specifically with the R shiny package.

3. Results and discussion

The control and monitoring of marine biotoxins
in bivalve molluscs is an important and complex
task aimed at preventing bivalve poisoning and pro-
tecting the production sector. In this context, the
need arises to detect and predict values of biotox-
ins in bivalves reaching and exceeding regulatory
limits.

A set of experiments was performed on real data
from the coastal zone of Aveiro to predict the con-
centration of DSP toxins (okadaic acid) in mussels.
The experiments are divided into five groups cor-
responding to the five models evaluated (ARIMA,
VAR, VARMA, NNAR and RNN). The Box and
Jenkins methodology was used to identify the best
models [29]. This methodology has two very im-
portant steps that are crucial for the analysis and
selection of the best models. The first is the Identi-
fication and Estimation Stage, and the second is the
Evaluation Stage. In the first step, a set of models
is considered for the analysis. The models are iden-
tified and the model parameters are determined. In
the second stage, the quality of the model, its statis-
tical adequacy and data adjustment are evaluated.

To find out if a given series is stationary, the Aug-
mented Dickey-Fuller Test (ADF) was performed
[30]. For the marine biotoxin time series, a p-value
of 0.0353 was obtained, which is below the signif-
icance level α = 0.05, thus rejecting the null hy-
pothesis of non-stationarity, and concluding that
the time series is stationary. For the phytoplankton
series, the p value obtained of 0.01 indicates that,
as for the marine biotoxin series, the phytoplankton
times series is a stationary series.

Some series have marked seasonality patterns.
When a time series shows these patterns, it has
to be treated differently. To detect the presence
of these patterns, the Webel and Ollech test (WO-
test) [31] was used. In R, the isSeasonal function,
included in the seastests package, was used to
evaluate the seasonality of a time series and returns
a boolean value indicating whether or not the se-
ries is seasonal (TRUE or FALSE ). The collection
frequency of the mussel species and sea water by
IPMA is weekly. The return of the test for both
time series was FALSE, indicating that the time
series do not show significant seasonality patterns.

Figure 6 represents the autocorrelation plot and
the partial autocorrelation plots of the marine
biotoxin series, the series of interest for which pre-
diction is to be made. The exponential decay
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present in the graph represents an autoregressive
component in the time series, suggesting the use
of autoregressive models. The autocorrelation plot
shows significant correlations in lags 1 to 7, suggest-
ing for the value of the autoregressive parameter
p = {1, 2, 3, 4, 5, 6, 7} [32]. The partial autocorrela-
tion plot shows significant correlations in lags 1 and
5. These values were tested in the arima models.
For the selection of the “best” model, the AIC and
BIC were used as selection criteria.

For the ARIMA model, the auto.arima func-
tion included in the forecast package was used
to identify the best ARIMA model according to
the lowest AIC and BIC values. It is a univari-
ate model, dealing only with stationary series, such
as the marine biotoxin series. The model chosen by
the auto.arima function for the marine biotoxin
time series was a ARIMA(1, 0, 0), with only an au-
toregressive coefficient with a value of 0.7875.

To choose the parameter of the VAR model, the
VARselect function included in the Vars package
was used, which calculates a vector with the ideal
number of offset according to each AIC value [18],
The VAR model selected was a V AR(1).

The package MTS was used for the VARMA
model. The best parameters were selected based on
the Extended Cross-Correlation Matrices (ECCM)
[33], whereby the values of the parameters are se-
lected as follows: values greater than the signifi-
cance level of 0.05 are selected and, among the val-
ues that meet this condition, the lowest p and q
values [33] are selected. After executing the Eccm

function, it can be verified that the parameters with
the best significance values are p = 1 and q = 0
(Table 1), therefore a V ARMA(1, 0) was selected.

To adjust the NNAR model the nnetar function
from the forecast package was used. The func-
tion calculates the optimal value for the p parame-
ter, which represents the number of previous values
that are used in the adjustment, i.e., the number
of non-seasonal delays used as inputs, based on the
AIC criterion. For the second parameter, P , corre-
sponding to the number of seasonal delays used as
inputs, the default value was considered, i.e., P = 1,
as the seasonality of the previously evaluated series
was not detected. The parameters chosen according
to the AIC were p = 1 and P = 1, so NNAR(1, 1)
was selected as the best neuronal network model for
the marine biotoxins time series.

For the RNN training and adjustment, the rnn

package was used, a specific package for RNN train-
ing and analysis. A LSTM [34] was the model se-

Table 1: Extended cross-correlation matrix.

AR/MA 0 1 2 3 4 5 6
0 0.0000 0.0000 0.0000 0.0000 0.0000 0.0003 0.0447
1 0.7508 0.9776 0.9350 0.7750 0.9302 0.9532 0.9998
2 0.9365 0.9109 1.0000 0.9998 1.0000 0.9997 0.9990
3 0.9737 0.8763 1.0000 0.9761 1.0000 0.9989 0.9492
4 0.9998 1.0000 1.0000 1.0000 1.0000 1.0000 0.9564
5 1.0000 1.0000 1.0000 0.9997 0.9806 1.0000 0.9750

lected. LSTM networks require a data structure to
be in the mode where there is a target variable Y
and a certain predictor X. Thus, it is necessary to
transform the original time series by delaying the k
values, i.e., tk series to serve as input, and the value
at time t serving as output to the late k values [34].

The LSTM network was trained using function
trainr, available in the rnn package. After testing
several values for the hidden layer parameter and
number of seasons, it was concluded that the best
performing and the smallest error were the ones se-
lected for training, respectively hidden dim = 10,
num pochs = 100.

Once the models and their respective coefficients
were identified, statistical evaluation and quality of
fit of the models can be evaluated. In order to verify
the statistical significance of the above estimated
parameters, the principle of parsimony should be
followed [35], a coefficient is considered significant
if it is not close to zero, as verified, considering all as
significant parameters. The assessment of the qual-
ity of the adjustment was made through the analy-
sis of the residuals, namely the analysis of the cor-
responding estimates and the autocorrelation of the
residuals [36]. The behavior present in the residuals
is required to be that of a white noise.

The autocorrelations of the residuals in the
ARIMA model do not present significance at the
0.05% significance level, indicating the present a
white noise behavior (Figure 7). The Box-Pierce
test [37] yielded a p value of 0.3982 (> 0.05), so the
null hypothesis for residuals’ independance cannot
be rejected. To reinforce the analysis, the Ljung-
Box [38] test was used, for which a value of p greater
than the significance level of 0.05% was obtained,
thus confirming a white noise behavior.

As for the ARIMA model, the VAR and VARMA
models do not show significant autocorrelations (re-
sults not shown) , i.e., both models appear to have
white noise behavior, confirmed by the Box-Pierce
and Ljung-Box tests.

Since the NNAR is a regression model, the same
type of evaluation was performed as for pure regres-
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Figure 7: Residuals of the adjusted ARIMA model (1,0,0).

sive models. Autocorrelations (results not shown)
,of the model residuals are not significant at the
0.05% level of significance, so they appear to have
a white noise behavior. This could be confirmed by
the Box-Pierce and Ljung-Box tests.

For the RNN model, differentiation and scaling
operations were performed to improve the quality
of the adjustment. From the analysis of the error
behavior in each season (Figure 8), it can be veri-
fied that when the errors approach the final season
(100) the error is already very small, which appar-
ently indicates that the network was well trained
throughout the seasons [39].

Figure 8: Errors throughout the RNN training seasons.

For a proper comparison of the models obtained,
it is necessary to take into consideration that, since
the models considered are associated with different
mechanisms and properties, the values of the AIC
and BIC criteria of the models are not comparable.
In these cases, the forecast quality comparison cri-

(a) NNAR.

(b) RNN.

Figure 9: Predictions by a) NNAR and b) RNN models.

teria based on forecast error functions are used. In
this study, the metrics used to compare the models
were the ME, RMSE, MAE, MPE, and MAPE. A
validation set composed of 10% of the original series
was selected test the models and for metric calcula-
tions. All autoregressive models produce forecasts
with increasing values compared to the last point
of the original series, not exceeding, however, the
regulatory limit value. For the RNN model, the
predicted value decreases after week 3 (Figure 9).
The predictions of NNAR and RNN models for 4
weeks are represented in Figure 9.

Table 2 presents the results of each metric in each
model for which the Recursive Forecasting Strategy
was used [40]. It can be concluded that the best
model concerning metric values in relation to the
other models is the RNN, presenting more stable
values. In terms of model performance, all models
show good temporal performances, except the RNN
model, due to training seasons and the amount of
data manipulated.

It is good practice to evaluate the behavior of
models with respect to the forecast horizon, as the
behavior of a short- and long-term model predic-
tions can define hybrid predictions, in the sense
that certain models can be used to predict cer-
tain horizon and other models to predict another
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Table 2: Errors of each metric applied to each model.

Models ME RMSE MAE MPE MAPE
ARIMA 99.68 104.92 99.68 -401.91 401.91
VAR 102.58 107.95 102.58 413.59 413.59
VARMA 103.49 108.90 103.49 417.25 417.25
NNAR 88.65 94.82 88.65 356.77 356.77
RNN 99.00 99.13 99.00 78.40 78.40

Figure 10: ME metric for all models calculated with multiple
forecast horizons.

type of forecast horizon. To facilitate the analy-
sis of the behavior of models with different fore-
cast horizons, the analysis of model errors was per-
formed for each forecast horizon using the recursive
forecasting strategy. For prediction horizons be-
low 3 the best models are NNAR, VARMA, VAR
and ARIMA (Figure 10). After horizon 3, the best
models are RNN and NNAR. There is considerable
oscillation in the forecast horizon 6, after which the
NNAR model is no longer better than the other
autoregressive models, and the ARIMA model be-
comes superior to all except the RNN model, which
remains superior to the forecast horizon 16.

4. Conclusions

In this work, a review of the main automatic
learning techniques for time series is presented, as
well as preliminary results of application to the data
collected by IPMA, with a view to develop a plat-
form for prediction of marine biotoxin contamina-
tion of bivalve molluscs. The web or site tool devel-
oped benefits from a collection of historical IPMA
data and is designed to incorporate robust forecast-
ing and visualization techniques that are tailored to
the data type characteristics to be analyzed (e.g.,
variability, linearity and stationarity). After care-

ful consideration of the models used and the time
series that served as input data, improvements in
two specific steps are suggested, towards improving
forecasting accuracy. The first is the preprocessing
step. The quality and amount of input variables
for model fitting should be improved, as should
the mechanisms and techniques for improving data
quality. The quality and structure of the data di-
rectly influence the predictive quality of the mod-
els, and in many cases the models are more accu-
rate when a larger the number of variables is used.
For example, it is expected that the incorporation
of other variables acquired by IPMA, and with ex-
pected impact on the environmental phenomenon
studied here (e.g., temperature, rainfall, bacterio-
logical contamination, among others), will offer a
broad use of state-of-the-art methods in the sec-
ond step, the modeling step. Data modeling can
greatly benefit from the application of complex ap-
plication domain models, such as dynamic Bayesian
networks, used to model relationships between vari-
ables at the same time and/or earlier times, a type
of model that works best when a larger number of
variables is used.
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