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Abstract

Coastal ecosystems are amongst the most vulnerable to climate change, due to their location
at the land-sea interface. In coastal waters, the nitrogen cycle can be significantly altered by
rising temperatures and other factors derived from climate change, affecting phytoplankton
and higher trophic levels. This research analyzes the effect of meteorological variables on
dissolved inorganic nitrogen (DIN) species in coastal inshore waters of a Northwestern
Mediterranean region under climate change. We built simple mathematical schemes based on
artificial neural networks (ANN), trained with field data. Then, we used regional climatic
projections for the Spanish Mediterranean coast to provide inputs to the trained ANNs, and
thus, allowing the estimation of future DIN trends throughout the 21 century. The results
obtained indicate that nitrite and nitrate concentrations are expected to decrease mainly due
to rising temperatures and decreasing continental inputs. Major changes are projected for the
winter season, driven by a rise in minimum temperatures which decrease the nitrite and nitrate
peaks observed at low temperatures. Ammonium concentrations are not expected to undergo
a significant annual trend but may either increase or decrease during some months. These
results entail a preliminary simplified approach to estimate the impact of meteorological

changes on DIN concentrations in coastal waters under climate change.

Keywords: Artificial neural networks; Climate change; Coastal waters; Dissolved inorganic

nitrogen; Mediterranean Sea.

1. Introduction
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Climate change is expected to exacerbate the imbalance of the nitrogen cycle (Gruber and
Galloway, 2008), which could already be even greater than expected (Paulmier and Ruiz-Pino,
2009). Coastal areas are known to be particularly vulnerable. In fact, some authors envisage that
the future management of nutrient export might have a dramatic impact on coastal water
quality (Sinha et al., 2019). Other researchers underline that anthropogenic pressures such as
population increase and agricultural practices, plus the cumulative effect of climate change, will
probably aggravate nutrient cycling alteration in coastal waters (Rabalais et al., 2009; Sinha et
al., 2019). Several investigations outline that nutrient processes will be modified as a response
to changes in temperature (Wagena and Easton, 2018), wind patterns (Deng et al., 2018),
hydrology, sea level rise (Statham, 2012) and precipitation (Stérmer, 2011). Global warming can
also contribute to hypoxia in coastal areas by reducing the vertical exchange, making the system
more sensitive to nutrient loads (Du et al., 2018). As a consequence of the changes induced, a
shift in the relationship between nutrients and phytoplankton should be expected, which might
require a re-evaluation of nutrient criteria for ecological status assessment (Liu et al., 2018).
Complex interactions among environmental and climate drivers regulate phytoplankton in
coastal zones (Pesce et al., 2018), which entails a significant impact of climate change on primary
production. The combined effect of higher temperatures and changes in nutrient availability can
have drastic consequences for phytoplankton production in coastal waters (Lee et al., 2019),
which will add up to the impact of increasing anthropogenic nutrient loadings (Huo et al., 2019).
Additionally, the macrobenthos community may also be affected by sea level rise, leading to an
increase in nitrogen flux to the water column (Brito et al., 2012).

Dissolved inorganic nitrogen (DIN), i.e. ammonium, nitrite and nitrate, are the most reactive
forms of nitrogen in marine waters and play an important role in primary production (Camargo
and Alonso, 2006). Nitrate is the most stable form of inorganic nitrogen in oxygenated
environments and is generally the dominating form of DIN in estuaries and the surrounding
coastal waters (Statham, 2012). Ammonium is also a relevant N species which is often associated
to urban influence (Flo et al., 2011). Finally, even though nitrite is the less abundant of the three
forms of DIN due to its instability, it is often used as an indicator of the balance between
oxidative and reductive reactions (Temino-Boes et al., 2019). As a consequence of climate
change, the variations in rainfall patterns may lead to the reduction of DIN inputs to coastal
waters through river discharges (Pesce et al., 2018), while processes such as ammonification,
nitrification and denitrification could be altered by rising temperatures or ocean acidification
(Temino-Boes et al., 2019; Wannicke et al., 2018).

The Mediterranean coast has been identified as one of the most responsive regions to

climate change, driven by a significant decrease in the expected mean precipitation (Herrmann
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et al., 2014). According to some authors, a reduction in the system’s biomass can be expected
in the Mediterranean Sea during the 21 century (Lazzari et al., 2014), as well as seagrass
degradation (Ontoria et al., 2019), surface water warming, salinity increase (Vargas-Yafez et al.,
2017) and a decrease in nutrient availability (Herrmann et al., 2014). On the other hand,
renewable water resources are also expected to decrease (Garcia-Ruiz et al., 2011), due to
higher rates of sea surface evaporation and reduced rainfall (Romanou et al., 2010), while water
demand continues to rise (Garcia-Ruiz et al., 2011; Wang and Polcher, 2019). Under future
climate scenarios in the Northwestern Mediterranean Sea, changes in deep water convection
mechanisms in winter will likely diminish the importance of nutrient upwelling, whilst horizontal
currents will become a more relevant fertilization mechanism (Macias et al., 2018). These
alterations may lead to significant changes in both nutrient distribution and phytoplankton
community structures (Severin et al., 2014), which in turn could possibly shift towards small-size
groups (Herrmann et al., 2014).

Flo et al. (2011) defined coastal inshore waters (CIW) of the Mediterranean Sea as the
coastal waters laying between the shore and 200 m into the sea. This reduced region is a unique
habitat for many species, and a major socio-economic interest, with tourism activities
increasingly threatening the ecosystems (Colella et al., 2016). The Mediterranean CIW are
particularly vulnerable to anthropogenic influences, and its characteristics differ considerably
from other coastal regions located further into the sea (>200m). Significantly higher DIN
concentrations were reported in CIW, where continental influence is the major driver of
nitrogen concentrations (Flo et al., 2011), mainly derived from river discharges. The Ebro river
delta, the most important delta in the Iberian peninsula, has a mean surface elevation of 0.87 m
over the average sea water level, which makes it very sensitive to potential sea level rise,
critically threatening nutrient removal dynamics (Genua-Olmedo et al., 2016). Both climate
change and agricultural practices have significant impacts on nitrate concentrations in the Ebro
basin, while phosphate concentrations are mainly driven by agricultural and industrial practices
(Aguilera et al., 2015). In the case of the Jucar River Basin District (Southeast of Spain),
temperatures are expected to increase up to 4.86°C in summer by 2040 (Chirivella et al., 2016)
and consequently alter nitrogen transformation processes (Temino-Boes et al., 2019).

The aforementioned impacts and the systems implicated are extremely difficult to model
successfully due to their inherent complexity and the great number of variables involved. In this
context, artificial neural networks (ANN) provide a very attractive modelling framework, which
has become increasingly popular, particularly in the evaluation of climate change impacts
(Altunkaynak, 2007; Liu et al., 2010). The human brain inspired the mechanisms used for ANNs

development. They have been extensively used in many fields, including water quality
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evaluation (He et al., 2011). One of the main advantages of ANN models in comparison to
deterministic models is that an extensive knowledge of the physicochemical processes is not
required (He et al., 2011). Besides, ANN models can deal with nonlinear relationships among
variables (Liu et al., 2010), improving the accuracy of long-term forecasts (Dogan et al., 2016).
The effect of climate change on water resources has been estimated with ANNs in urban areas
(Al-Zahrani and Abo-Monasar, 2015), aquifers (Coppola Jr. et al., 2005), deltas (Byakatonda et
al., 2016), rivers (Piotrowski et al., 2015), lakes (Altunkaynak, 2007; Dogan et al., 2016) and
marine environments (Coutinho et al., 2019). Results show that ANN models often outperform
conventional methods (Al-Zahrani and Abo-Monasar, 2015). Nutrient mechanisms,
biogeochemical cycling (Bittig et al., 2018) and primary production (Mattei et al., 2018) in the
ocean under climate change scenarios have also been evaluated with ANNs .

Nonetheless, only few studies have focused on the forecasting of global warming effects on
nutrient cycling in coastal regions (Basu et al., 2010; Wang and Polcher, 2019). In this research,
we developed simple ANN modelling schemes as a first approach to evaluate regional climate
change impacts on DIN concentrations trends in CIW through meteorological variables. More
specifically, we propose a non-linear three-layered feedforward artificial neural network
structure, containing a single output node. We trained and tested three different ANN models
with such topology with field data, to estimate ammonium, nitrite and nitrate concentrations.
Using these trained ANNs expected changes in DIN species concentrations are then estimated,
considering two meteorological projections under regional climate change scenarios
corresponding to the representative concentrations pathways (RCP) 4.5 and 8.5 (Moss et al.,
2010). Due to the necessary simplifications of the physical processes, the results obtained are
of qualitative interest rather than quantitative. Our study site is an inshore Mediterranean

coastal area of the South East of Spain, exposed to very limited anthropogenic pressures.

2. Materials and Methods

2.1. Study area

The Jucar River Basin District is located in the Spanish Mediterranean coast. In this study
we focus in the water body C002 (Figure 1) which is the pristine reference site for the moderately
influenced by continental inputs region. The Ebro river delta is located approximately 60 km
North from the study site and represents the highest continental water input with a mean
annual flow of 286 m3.s? for the period 2000-2018. Additionally, the aquifer of El Maestrazgo
which has a mean approximate flow of 1.5 m3.s%, discharges through three submarine springs:

Pefiiscola, Badum and Alcossebre. Alcossebre is located within our study site, while Badum and



Pefiiscola are located 1.5 km and 6 km North from DP134 monitoring site respectively (Garcia-
Solsona et al., 2010). As very limited anthropogenic alteration of water quality exists in this area
(Romero et al., 2013), it becomes easier to study the effect of physical and meteorological
variables on nitrogen concentrations. Five monitoring sites were located within C002, which are
presented in Figure 1.

In this study, we focus on coastal inshore waters (0 - 200m from the coast), in which
continental influence is the main driver of nutrient concentrations (Flo et al., 2011). The samples
collected for the development of this work were taken at <200m from the shore, where the
depthis <2m, as described by Flo et al. (2011). As a consequence, the water column is completely
mixed, and no stratification exists. Additionally, samples were taken at the surface, which
implies that the effect of the sediment can be neglected. The small tidal range in the
Mediterranean Sea prevent the dispersion of nutrients into the sea (Flo et al., 2011). Water
samples were collected from each monitoring site once per month from February 2006 to
January 2011. Samples were taken in plastic bottles at the surface and from beyond the wave
breakpoint, refrigerated and carried to the laboratory. The temperature and pH were measured
in situ with a YSI 6600 Multi Parameter V2 Sonde. Salinity was measured at the laboratory with
a Portasal 8410A salinometer. The samples were filtered with Millipore HAWP filters and DIN
concentrations (ammonium, nitrite and nitrate) were analyzed with an Alliance Instruments
Integral Futura air-segmented continuous-flow autoanalyzer. Ammonium was measured based
on Berthelot's reaction and nitrite with Shinn (1941) water analysis method adapted for
seawater by Bendschneider and Robinson (1952). Nitrate was reduced to nitrite with a Cu/Cd
reducing column in basic conditions (pH = 8.5), as described by (Grasshoff, 1976). More details
are provided by Temino-Boes et al. (2019a). Air temperature, wind speed and rainfall data were
obtained from the Ministry of Agriculture, Fisheries and Food, and Ebro river discharges were

obtained from the Ebro Water Authority.
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Figure 1. Study site corresponding to the water body C002 identified as reference site of the

Jucar River Basin District. The five monitoring sites are shown.

2.2. Data pre-analysis

Considering that continental influence is the main driver of nutrient concentrations (Flo et
al.,, 2011) in CIW of the Northwestern Mediterranean, several physical and meteorological
variables were selected as potential input variables to model nutrient concentrations. These
variables were: wind speed, rainfall, salinity, Ebro river flow, pH and water temperature. The
output sensitivity to input variables relationships can be estimated based on the Spearman rank
correlation if a nonlinear but monotonic relationship is assumed (Pianosi et al., 2016). In order
to determine to which variables nitrogen concentrations are more sensitive, we calculated the
Spearman rank correlation coefficients. The results of this analysis were used to select the most
appropriate input variables to the model.

Rainfall can significantly affect nitrogen in CIW through different processes: by diluting
nutrient concentrations, through river runoff or through submarine groundwater discharge
(SGD). Nitrogen discharges through SGD have been reported to be significant in the study area
(Garcia-Solsona et al., 2010), particularly in the form of nitrate (Ballesteros et al., 2007). The

aquifer of El Maestrazgo, which discharges through coastal springs in Irta National Park, is mainly
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recharged through rainfall infiltration (Ballesteros et al., 2007). The time lag between SGD flux
response to freshwater infiltrated has been reported to be ~3 months (Garcia-Solsona et al.,
2010). In order to determine the time lag between rainfall and nitrate concentrations in our

model, we calculated the cross-correlation with R version 3.5.1.

2.3. Artificial neural networks

ANN are data-driven models that have shown to be very successful modelling tools in a
diversity of research areas (Abrahart et al., 2004; Alanis et al., 2019; Govindaraju, 2000; Lek and
Guégan, 1999). In particular, they have proved to be very efficient in the prediction of relevant
variables in complex systems characterized by nonlinear dependencies of data, as it is the case
of the ones analyzed herein. Several ANN schemes were trained in this research, in order to
extract the most relevant interactions between the measured variables and synthesize them
through simple network topologies. These ANN schemes are built with the final aim of
simulating long-term future expectable trends in the system under different climatic scenarios,
as other authors have proposed (Abdullahi and Elkiran, 2017; Elgaali and Garcia, 2007). These
modelling steps can also be helpful to gain a better understanding of the studied system
behavior and its internal relationships between the involved physical variables mentioned
before. The type of ANNs employed herein is the well-known feed forward multilayer
perceptron of three layers with supervised learning, trained with the classical error-
backpropagation learning algorithm (Gardner and Dorling, 1998; Rumelhart et al., 1986).

The structure of the networks is made up of three layers: an input layer comprising a group
of explanatory variables, a hidden layer with nodes including non-linear activation functions,
and an output layer corresponding to a selected target variable to be predicted. The training
process of the networks allows to configure the network internal weights in order to minimize
the error function, in this case, the average squared error with respect to the measure (known
values) of the target variable. The activation function used for the hidden nodes was the popular

logistic function (Kohonen, 1988):

(1)

X) =
2 (%) 1+e™

Where x is the input value to the particular node, resulting from operations in previous
layers and connections to the node. ¢ (x) is the value produced by the activation function, i.e.,
output of the particular node under consideration.

The choice of the number of hidden nodes (ns) affects the training process and the

effectiveness and final performance of the network. Complex relationships between inputs and



outputs are difficult to be captured with too few hidden nodes, while too many hidden nodes
may result in network over-training and a loss of generalization capacity of the network. Due to
the sample size available for this study, the option for a parsimonious model is generally
recommended. According to it, we applied the criteria (Lachtermacher and Fuller, 1994),

adopting the minimum nj value matching this criteria:

1.1-N 3-N
<n (1 +1) < — 2
10 pe(1+1) 10 (2)

where N is the sample size, and / is the number of input variables.
The data used for network training is the sample corresponding to the period from February
2006 to January 2010, while the period from February 2010 to January 2011 is reserved for

validation. This partition is consistent with the criteria suggested by Haykin (1999):

[, - 1-yaWw-i-1 (3)
2-(W-1)

where W is the number of weights in the neural network, and rya, is the proportion of the total
data used for training.

As it is the case with other black-box models, the overall performance is highly influenced by
the data preprocessing (Nawi et al., 2013). In particular, the computational efficiency of the
networks is enhanced if both input and output variables are scaled. Consequently, all variables
involved in the ANN modelling were previously pre-process through equation (4).

[ ox=x
X'= MIN (4)

Xvax ~ Xwin
where x represents the original variable, xpy is the minimum value, xmax is the maximum value
of the sample, x”is the transformed variable, and y is an exponent introduced in order to reduce
the final skewness. y values are conveniently chosen for each of the variables considered in the
ANN modelling process, ranging from 0.3 to 1.0.

The back-propagation algorithm was used to train all the networks. This sequential iterative
method adjusts the network weights in small steps, following the direction of negative gradient
of the error function. The learning rate was manually modified to smaller values as the training
process advanced, to avoid undesirable oscillatory behavior of the training error function.
During the learning process, the order of presentation of patterns was randomized through the
shuffling of the cases, which is usually advantageous to avoid local minima. While other more
powerful and quicker algorithms are commonly used (Burney et al., 2007), the reduced size of

the networks involved herein allowed an efficient use of the simpler error-backpropagation
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algorithm until the error function reached a specified convergence with satisfactory quickness.
Training and validation processes of the different ANNs proposed were performed using the

software STATISTICA.

2.4. Climate change scenarios

The National Plan for Adaptation to Climate Change (PNACC), through the Scenarios-PNACC
initiative, collects regional climate information for Spain, both of current climate and of future
scenarios for the next decades. The projections of meteorological variables are based on the
Fifth Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC). The
initiative integrates the results of international dynamic and statistic regionalization projects
such as Euro-CORDEX and VALUE, with national projections developed by the National
Meteorological Agency (AEMET) and by the Meteorology Group of Santander (CSIC - University
of Cantabria). We downloaded projections of daily meteorological variables for future emission
scenarios from the Platform of Exchange and Consultation of Information on Adaptation to
Climate Change in Spain (AdapteCCA.es), under RCP4.5 and RCP8.5. Mean monthly estimations
for air temperature, humidity and rainfall were calculated from 2011 to 2100 for both RCPs.

Due to the lack of water temperature and salinity projections under climate change in the
study area a simplified approach to estimate these variables is necessary. Linear stepwise
regression models were used to estimate salinity and water temperature from meteorological
variables, i.e. air temperature, rainfall and humidity. For the estimation of salinity also Ebro river
flow was used. All variables were previously normalized through a unity-based normalization.
The first 4 years of measurements were used for model calibration and the last year for
validation. The Spanish center for studies and experimentation of public works (CEDEX) assessed
the impact of climate change on water resources in a natural regime in the Spanish basins
throughout the 21° century. The model developed is the Integrated Precipitation Simulation
model (SIMPA), a distributed simulation model of the hydrological cycle that establishes water
balances for the different processes. It estimates the contribution from meteorological data and
the physical characteristics of the territory. The model is fed with regionalized projections of
climate change procured by AEMET and provides the expected values of the main hydrological
variables. The results are available online through a downloadable computer application
(CAMREC), a plugin for QGIS 2.18. The changes expected in the Ebro river flow at its mouth
throughout the 21 century under RCP 4.5 and RCP 8.5 were obtained from CAMREC.

Monthly DIN concentrations from 2011 to 2100 were estimated by means of the developed
ANN model. For each month, Mann-Kendall trend test was applied to determine whether the

trends observed are statistically significant. This test is a non-parametric monotonic trend
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analysis which identifies the increasing or decreasing patterns in time series data (Chaudhuri
and Dutta, 2014; Colella et al., 2016). The magnitude of the trend was evaluated with Sen’s slope
(Sen, 1968), a non-parametric method which does not require assumptions on the normal
distribution of the data (Kitsiou and Karydis, 2011). The annual trend is evaluated with the
season Mann-Kendall test and the seasonal Sen’s slope. These tests are performed with the

package “trend” in R version 3.5.1.

3. Results

3.1. Monitoring data

The data obtained from the monitoring campaigns are presented in Figure 2. Water
temperature and pH are similar between monitoring sites. Salinity however is lower in DP010
which can be attributed to SGD inputs. DIN concentrations are higher in DP010, nitrate
concentrations particularly. This monitoring site is located close to an urban area as opposed to
the other sites which are within Irta National Park. Additionally, the SGD in this area entails an
input of DIN especially in the form of nitrate (Ballesteros et al., 2007). As indicated in section
2.2., the cross-correlation between nitrate and rainfall was evaluated. The result of the analysis
is presented in Figure 3. The correlation is maximum with a time-lag of 4 months between
rainfall and nitrate concentrations. This finding is in close agreement with the time lag in the
aquifer’s discharge time in Garcia-Solsona et al. (2010) which also studied the same aquifer of El
Maestrazgo, and indicated a time lag of approximately 3 months. The Spearman correlations
between physicochemical variables and DIN concentrations is shown in Table 1. Based on these
correlations the input variables selected for DIN species estimation were water temperature,
salinity and rainfall (with a 4-month time lag). Ebro river flow, the pH and the wind speed were

discarded for not having any significant correlation.
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Figure 2. Boxplot of water temperature, salinity and pH (left) and dissolved inorganic nitrogen

species concentrations (right) obtained during monthly monitoring campaigns from February

2006 to January 2011. The median is represented by a black horizontal line, the bottom and

the top of the box represent the first (Q1) and third quartiles (Q3) respectively and the lower

and upper ends of the whisker represent Q1-1.5 (Q3-Q1) and Q3 + 1.5 (Q3-Q1) respectively.

Outliers are not represented.
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Figure 3. Cross-correlation between nitrate concentration and rainfall. Horizontal axis shows
the time lag in nitrate concentrations (months) while vertical axis shows the correlation

between nitrate and rainfall for each lag.

Table 1. Spearman rank correlations between studied variables. NHz* is ammonium in mgN-L?,
NO; is nitrite in mgN-L?, NOs™ is nitrate in mgN-L?%, R-4 is rainfall in mm.daywith a 4-month
time lag, Q is Ebro river flow in m3-s, WT is water temperature in °C, S is salinity in g-kg™* and
W is wind speed in m-s. The asterisk indicates a statistically significant correlation at a 0.05

significant level.

NHs* NOy NOs R-4 Q WT pH S W

NHs - -0.05 023 0.19 0.9 0.25* 0.0 -0.39* -0.07
NO, - 043* 019 006 -0.54* -0.05 -0.11 0.03
NOs" - 046* 023 -033* 0.10 -0.64* -0.16
R-4 - 032 -0.02 0.16 -0.37* -0.06
Q - -0.35* -0.04 -0.46* -0.04
WT - 029* 012 -0.02
pH - 008 -0.14
S - 0.20
W -

3.2. ANN Model
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A simple artificial neural network architecture is proposed to predict values of each of the
DIN species, i.e., NHs*, NOs~ and NO;. One network is built and trained for each of these
variables, although the three networks developed have the same 3-layer topology. The variables
used as predictors, that is, the input variables of the networks, are the same for each of the
three neural networks. The selected predictors are those physical parameters that showed
higher correlation: salinity, temperature and rainfall. Consequently, the number of nodes in the
input layer is three, and the number of nodes in the output layer is one. The number of hidden
nodes was calculated with equation (2), resulting in ny,=2, which is also consistent with
recommendation by (Wanas et al., 1998). This network size proved to be optimal, as other
networks with ny=1, 3 and 4 were later tested, yielding to worse performance indexes.
Consequently, the architecture of the proposed ANN consists on a 3-layer feedforward neural
network with 3 input nodes, two hidden nodes and one output node (either NH4*, NO3” or NOy’
), as indicated in Figure 4. The obtained rooted mean squared errors (RMSE) for training and
validation data are presented in Table 2. While Figure 5 shows the model outputs for

ammonium, nitrite and nitrate and the R? for each model.

Salinity

Temperature —{3 OUTPUT

N/

Rainfall

Figure 4. Feedforward neural network topology with the three input variables and the output

(either NH4*, NOs or NOy)

Table 2. Rooted mean squared error (RMSE) in mgN-L? for training and validation data in the

three models with outputs NH4*, NOs™ or NO; respectively.

RMSE NH.* NOy NOs’
Training 4.10E-03 1.48E-03 2.63E-02
Validation 3.15E-03 8.15E-04 1.99E-02
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Figure 5. Ammonium (NHs*), nitrite (NO2’) and nitrate (NOs’) models based on artificial neural
networks. Rainfall with a 4-month time lag, water temperature and salinity are the input

variables. The coefficient of determination R? and the absolute error (AE) in mgN.L? is shown.
3.3. Water temperature and salinity models

Linear regression model parameters to estimate water temperature and salinity are
presented in Table 3. Water temperature is estimated from air temperature solely, while salinity
is estimated with rainfall (with a 4-month time lag), humidity and Ebro river flow. Both models
are found to be statistically significant as determined by the R?, adjusted-R? and p-value shown
in Table 4. Durbin-Watson statistic tests the residuals to determine if there is any significant
correlation based on the order in which they occur in the data. There is no serial autocorrelation
in the residual at a 95% level of significance as indicated in Table 3. As indicated in section 2.4,
the first 48 measurements corresponding to the first 4 years were used to build the model and
the last 12 values were used for validation. Both calibration and validation data are shown in
Figure 6. The coefficient of determination R? was very similar in calibration and validation for

both models.
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Table 3. Results of the stepwise linear regressions to estimate water temperature (model 1)

and salinity (model 2). T is air temperature, R-4 is rainfall with a 4-month time lag, H is

humidity and Q is Ebro river flow.

Model Parameter Estimate Standard Error T statistic p-value
1: Water Constant 0.1032 0.0242 4.2700 0.0001
Temperature Tair 0.8944 0.0424 21.0767 0.0000
Constant 0.9476 0.0651 14.5534 0.0000
R-4 -0.1927 0.0947 -2.0353 0.0479

2: Salinity
-0.2734 0.0996 -2.7454 0.0087
Q -0.5436 0.1055 -5.1549 0.0000

Table 4. Model interpretations of stepwise linear regressions to estimate water temperature

(model 1) and salinity (model 2): coefficient of determination, standard error, Durbin-Watson

statistics and ANOVA.

Parameter Model 1: Water temperature Model 2: Salinity
R? 90.62 50.99
R? adjusted 90.41 47.65
Standard error 0.0937 0.1589
Durbin-Watson statistic 1.9702 1.5951
Durbin-Watson p-value 0.4079 0.0722
ANOVA F-Ratio 44423 15.26
ANOVA p-value 0.0000 0.0000
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Figure 6. Stepwise linear regression models for the estimation of water temperature (up) and

salinity (down). The coefficient of determination R? and the absolute error (AE) are shown for

both calibration and validation data.

3.4. The effect of climate change on DIN concentrations

Estimations of air temperature, humidity and rainfall from 2011 to 2100 under climate
change scenarios were downloaded from AdapteCCA.es website and changes in Ebro river flow
were obtained from CAMREC as mentioned in section 2.4. The changes projected for these
variables under climate change each month for the period 2070-2100 relative to 1971-2000
(1961-2000 for Ebro river flow) are presented in Figure 7. Salinity and water temperatures for
both RCP 4.5 and RCP 8.5 emission scenarios were calculated with the linear models developed
in the previous section. By means of the ANN models, DIN concentration trends between 2011

and 2100 were estimated. Results are represented in Figure 8.
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Figure 8. Projections of ammonium, nitrite and nitrate concentrations from 2011 to 2100 by

means of the ANN models under RCP 4.5 and RCP 8.5 scenarios.

The Sen’s slope for each month was calculated to measure the magnitude of the increasing
or decreasing trend for DIN species over the period 2011 to 2100. Additionally, Mann-Kendall
test was applied to evaluate whether the observed trend is statistically significant. The results
are shown in Table 5. Nitrite and nitrate concentrations are expected to decrease both under
RCP 4.5 and RCP 8.5 on an annual basis, with greater decrease found for RCP 8.5. Nitrite peaks,
which are observed under low temperature conditions, are expected to decline. On the other
hand, ammonium is expected to increase mainly between January and March and decrease from

September to December, but the global trend was not statistically significant.

Table 5. Sen’s slope for monthly changes in nitrate, nitrite or ammonium concentrations
between 2011 and 2100 projections for each month under RCP 4.5 and RCP 8.5. The annual

trend is evaluated with the seasonal Sen’s slope.

Month NH;*4.5 NO;, 4.5 NOs; 4.5 NH;* 8.5 NO, 8.5 NOs 8.5
January 7.14E-06** -1.18E-05** -4.65E-05* 7.89E-06** -2.16E-05** -1.94E-04**
February 2.94E-06 -5.06E-06** -4.06E-05 2.00E-05** -1.33E-05** -1.91E-04**

March 7.32E-06* -3.44E-06** -1.53E-05 9.09E-06** -5.88E-06** -1.66E-04**

April -4.76E-06 -3.13E-06** -6.40E-05* -2.99E-06 -4.76E-06** -1.19E-04**
May 4.35E-06 0.00E+00 -4.17E-05 4.35E-06 -3.33E-06** -1.32E-04**
June 0.00E+00 -1.20E-07** -6.64E-05** -2.99E-06 -1.47E-06** -1.56E-04**
July 2.56E-06 -9.04E-07** -5.37E-05** 2.18E-06 -1.80E-06** -1.75E-04**
August 4.76E-08 -8.88E-07** -6.86E-05** 1.19E-05** -2.48E-06** -1.83E-04**
September 2.41E-06 -1.46E-06** -5.29E-05** -1.46E-06** -3.23E-06** -1.90E-04**
October -8.54E-06* -2.21E-06** -7.43E-05** -8.96E-06** -4.64E-06** -1.85E-04**
November -9.87E-06* -4.13E-06** -8.59E-06** -1.80E-05** -8.59E-06** -1.66E-04**
December -7.28E-06 -1.08E-05** -9.36E-05** -1.21E-05** -2.43E-05** -1.84E-04**
Annual 2.34E-07 -2.34E-06** -5.84E-05** 2.35E-06 -5.22E-06** -1.64E-04**

*Statistically significant correlation at a 0.05 significance level
** Statistically significant correlation at a 0.01 significance level

4, Discussion

Artificial neural networks have proved to be a useful tool to evaluate the effects of climate
change on DIN species. The proposed models showed the ability to estimate the impact of future
meteorological conditions on the trends of DIN concentrations in CIW. Nonetheless, the results
should be interpreted cautiously due to the assumptions made throughout the evaluation.
Nitrite and nitrate models reached R? values over 0.50, which can be acceptable, considering the

high variability generally found in coastal waters. Due to the high uncertainty in ammonium
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concentrations in Northwestern Mediterranean coastal waters (Paches et al., 2019), the model
performance was lower for this nutrient (Figure 5). Also, the additional uncertainty introduced
by the linear models developed for water temperature and salinity estimations should be
pointed out. Water temperature model reached R? = 0.90; but salinity model had R?= 0.50,
implying a degree of uncertainty introduced to ANN model inputs for future projections. The
observed errors in ANN outputs can be attributed to both natural and anthropogenic sources.
Anthropogenic nitrogen inputs, even if considered to be very limited in our study area (Romero
et al., 2013), may account for some of the uncertainties. For instance, nitrogen inputs through
Ebro river or submarine groundwater discharges are not constant along the year. On the other
hand, the discharges of the aquifer EI Maestrazgo are related to other parameters on top of
precipitation. Nonetheless, the main contribution of this work lies in the evaluation of the overall
expected tendency of nitrogen concentrations under climate change scenarios.

In this sense, and according to the modelling results obtained, nitrite and nitrate
concentrations are expected to drop under both RCP 4.5 and RCP 8.5 climate change scenarios,
with greater decreases under RCP 8.5. Nitrite peaks generally occur due to low temperatures
which decouple both steps of nitrification (Temino-Boes et al., 2019). In accordance with this,
future projections show a reduction of peaks during December and January, mainly due to the
expected increase in minimum temperatures. We also observed a high negative correlation
between temperature and nitrite concentrations (-0.54). Overall, the decaying trend of nitrite
levels under climate change scenarios is basically driven by future rising temperatures, while the
decrease in continental inputs (salinity and rainfall) play a secondary role. Nitrate is also
expected to decrease, driven by both higher temperatures and decreasing rainfall. It is
interesting to note that maximum monthly cumulative rainfall occurs in September, resulting in
higher aquifer recharge during this month. This yields to groundwater discharge peaks during
successive months, with an average time delay of 4 months, i.e., January. A decrease of future
expected rainfall, more particularly during this rainiest month, will result in significant
groundwater discharges reduction, which in turn will affect nitrate levels. This is consistent with
simulation results obtained under RCP 8.5, where the most significant decreases in future nitrate
concentration are expected during January.

The expected trends derived from the presented simulations herein, are consistent with
known processes governing the dynamics of the nitrogen cycle. As pointed out by previous
researchers, higher nitrification and denitrification rates are actually driven by higher
temperatures, and thus, are expected to decrease future nitrogen availability (Wagena and
Easton, 2018). Other authors already indicated that changes in temperature and precipitation

could decrease nitrogen yields in coastal waters (Alam et al., 2017). Some studies point out a
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significant imbalance of the ocean’s nitrogen budget, with greater losses than inputs (Voss et
al., 2013). Bi et al. (2018) also found a negative correlation between nitrogen concentrations
and temperature. Precipitation was also correlated to nitrogen concentration in previous
studies, indicating that climate change might reduce nitrogen loads (Bi et al., 2018). Concerning
ammonium concentrations, our results indicate that significant changes are not expected on an
annual basis. While ammonification and other related processes are intensified due to higher
temperatures, other factors are counteracting such effect, such as lower future precipitation
and lower river discharges. Not being simultaneous drivers, though, smaller changes and trend
fluctuations are expected for individual months.

The modelling framework presented herein necessary implies an important over-
simplification of the complex systems under investigation. It neglects certain underlying
physicochemical processes involved, and therefore, many uncertainty sources need to be
accounted for. Although most relevant climatic drivers were considered in the analysis, other
pressures such as changes in anthropogenic nutrient loads were not taken into consideration.
For instance, 65% of the Ebro delta is occupied by rice fields (Genua-Olmedo et al., 2016), which
implies that nutrient management in agriculture is a key factor for future export of DIN
(Jennerjahn, 2012). The future fertilization policy applied in the Ebro catchment is uncertain,
ranging from a 10% increase to a 15% decrease (Herrero et al., 2018). Obviously, the sort and
amount of fertilizer will change due to changes in rainfall and air temperatures, which would
influence coastal nutrient loads (Statham, 2012). Socioeconomic decisions about land use and
management will have determining consequences for hydrological processes (Zarzuelo et al.,
2019) and thus, on coastal nutrient enrichment (Sinha et al., 2019). Clearly, an interdisciplinary
collaboration is necessary between natural and social sciences (Jennerjahn, 2012). Another
aspect to be outlined is the highly regulated Ebro river, affecting its average discharges to the
Mediterranean. About 96% of the catchment is regulated by dams (Jiménez et al., 2017), causing
significant reductions of river flow over the past decades (Fatori¢ and Chelleri, 2012). In the
future, higher water regulation due to increasing water demand (Wang and Polcher, 2019) and
more intense human activity is generally expected in the Mediterranean region (Herrero et al.,
2018). Depletion of river flows in the delta areas may enhance saline intrusion in the lower
reaches of rivers and into the groundwater reserves (Garcia-Ruiz et al.,, 2011). Under such
conditions, the vulnerability of the Ebro valley will likely increase (Barrera-Escoda et al., 2014),
influencing the nitrogen export to coastal waters. Natural and human-induced hydrodynamic
alterations (Zarzuelo et al., 2019) may also have a significant impact on nutrient discharges.
Furthermore, the potential changes in phytoplankton community and their ability to assimilate

nitrogen induced by higher temperatures was not considered in this study (Kumar et al., 2018).
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In spite of these limitations, the study area selected corresponds to an area of low
anthropogenic inputs (Romero et al., 2013) which indicates that climate change may have a
greater impact than changes derived from direct human inputs.

On a global scale, the alteration of nitrogen transformations leads to many complex
cascading effects (Gruber and Galloway, 2008). Overall, the results obtained in this study
indicate that climate change is expected to decrease DIN concentrations in Mediterranean CIW
due to increasing temperatures and lower continental inputs. The results obtained are of
practical interest for management purposes, but the limitations of a simplified analysis should
be recognized. Future studies should focus on the development of more sophisticated models

with a combined evaluation of climate change and changes in anthropogenic nutrient loads.

5. Conclusion

The modelling approach proposed herein, together with the results derived from the
performed simulations, represent a first approach to evaluate the potential climate change
impact on dissolved inorganic nitrogen concentrations in coastal inshore waters (<200m). More
specifically, we focused on the effect of the main meteorological variables on DIN species in the
CIW of a Northwestern Mediterranean region with low anthropogenic inputs. As such,
guantitative conclusions are necessarily limited, as many uncertainty sources need to be
accounted for, as explained previously.

In order to evaluate the impact of climate change on DIN concentrations, we used artificial
neural network models trained with real field data collected monthly during a period of 5 years.
The most relevant climatic variables were considered as drivers. Results indicate that nitrite and
nitrate concentrations are expected to decrease under climate change scenarios RCP 4.5 and
RCP 8.5. Cold months such as December, January and February are expected to undergo the
major concentration changes due to rising temperature and decreasing continental inputs.
Ammonium did not show a significant annual tendency but may increase from January to March
and decrease from September to December. Future research should focus on the evaluation of
the combined effects of climate change and other human induced changes such as river flow
regulations or nitrogen pollution. The evaluation of future nitrogen dynamics in coastal waters

with more complex approaches is essential in order to develop preventive action plans.
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