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Abstract

Pollen forecasting models are a useful tool with which to predict episodes of type I allergenic risk and other environmental or
biological processes. Parietaria is a wind-pollinated perennial herb that is responsible for many cases of severe pollinosis due to
its high pollen production, the long persistence of the pollen grains in the atmosphere and the abundant presence of allergens in
their cytoplasm and walls. The aim of this paper is to develop artificial neural networks (ANNSs) to predict airborne Parietaria
pollen concentrations in the northwestern part of Spain using a 19-year data set (1999-2017). The results show a significant
increase in the length of time Parietaria pollen is in the air, as well as significant increases in the annual Parietaria pollen integral
and mean daily maximum pollen value in the year. The Neural models show the ability to forecast airborme Parietaria pollen
concentrations 1, 2, and 3 days ahead. A developed model with five input variables used to predict concentrations of airborne

Parietaria pollen 1 day ahead shows determination coefficients between 0.618 and 0.652.
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Introduction

The Parietaria genus (Urticaceae family) is made up of indi-
vidual dicotyledonous perennial plants consisting of many
shoots emerging from a common rootstock, which range from
30 to 100 cm in height (Guardia and Belmonte 2004). The
species included in the genus present inconspicuous green
stalkless flowers clustered in the leaf axils and have wind-
pollination strategies (Sousa et al. 2014). The pollen grain is
tri-zonoporate with a smaller size-diameter of approximately
13-20 pum than other types of anemophilous weeds (Erdtman
1952; Rodriguez-Damian et al. 2003). Parietaria judaica L. is
the most common widespread allergenic species of the genus
in southern Europe (Masullo et al. 1996). The plant grows in
coastal and urban areas on nitrified soils, such as walls or
rubble and abandoned plots of land (Guardia and Belmonte
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2004). Its pollen allergens are responsible for many severe
cases of spring sensitization due to the high production of
pollen grains per plant (Guardia and Belmonte 2004), the long
flowering period of the plant (Serafini 1957) and the abundant
presence of allergens in the cytoplasm and walls (Vega-Maray
et al. 2004). P, judaica pollen contains at least nine identified
allergens, including two major allergens, Par j 1 and Par 2,
belonging to the non-specific lipid-transfer protein
family—nsLTP (Asturias et al. 2003; Costa et al. 1994,
Suarez-Cervera et al. 2008). The sensitization rates of
Parietaria prevalence have been reported as 25-50% in
Spain and southern France (Masullo et al. 1996), 14.7% in
Portugal, 20.6% in Greece, and 30.7% in Italy (Burbach
et al. 2009). In the area of northwestern Spain, prevalence
of between 6 and 25% of the pollen-sensitized people
have been reported (Subiza et al. 2007).

Over the last few decades, the incidence of respiratory
diseases has increased worldwide (Portier et al. 2010).
Nowadays, the monitoring of airborne pollen is an effec-
tive tool for identifying the local pollen types that cause
respiratory allergies and is used in the prevention, diagno-
sis and treatment of allergic diseases (Reyes et al. 2016).
The production and the annual distribution of the pollen
grains in the atmosphere are closely tied to meteorological
conditions both before and during the flowering stage of
plants (Dahl et al. 2013; Fuhrmann et al. 2016). The
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detected trend in the airborne Parietaria pollen variations
are particularly remarkable, depending on both the local
geographical features and the weather parameters (Recio
et al. 2009; Sabo et al. 2016). In this regard, some authors
have identified air temperature as being the most important
variable that influences the rise of Urticaceae annual pollen
integral together with low air humidity (Sabo et al. 2016).

The research about the role of biological particles has im-
portance due to the possible adverse medical, environmental,
or biological effects (Sanchez-Mesa et al. 2005). For this rea-
son, forecasting airborne pollen concentrations is a hot topic
(Aznarte et al. 2007). In the last decades, different models
have been developed to predict pollen concentrations, at either
a regional-to-continental or a local scale (Ritenberga et al.
2016). In this sense, artificial neural networks (ANNs) have
become one of the most used methodologies for modeling
non-linear behaviors in recent years (Astray et al. 2016a;
Desai et al. 2008). ANNs are a computational method formed
by individual cells (neurons, or cells) present in the biological
neural system (with multiple layers) (Akintunde et al. 2015) to
simulate data process as the human brain does (Bas and
Boyaci 2007). ANN models can learn from incomplete/im-
precise and noisy data or ANNs can model non-linear
behaviors (Akintunde et al. 2015; Perpetuo et al. 2012).
Neural networks have been used in aerobiology to predict
atmospheric pollen concentrations (Rodriguez-Rajo et al.
2010; Puc 2012; Astray et al. 2016b) or the risk of pollen
concentration exceeding a specific level (Castellano-
Méndez et al. 2005) as well as levels of airborne fungal
spores (Harteveld et al. 2017; Astray et al. 2010; Grinn-
Gofréon and Strzelczak 2008).

This paper aims to forecast airborne concentrations of
Parietaria pollen by means of ANN and time series anal-
ysis. The importance of the results is reinforced by the
fact that this plant has not been traditionally considered
as an important aeroallergen along the Atlantic coast of
Spain. There are indications that Parietaria pollen is
emerging as an aeroallergen in this area.

Material and methods
Aerobiological survey

The study was conducted in Vigo (42° 14’ 11.4"N 8° 43’
35.9” W), located in the northwestern corner of the
Iberian Peninsula (Fig. 1). The area is situated at the
Eurosiberian region (Rivas-Martinez 1987) under a moist
oceanic climate, with a Mediterranean influence. The
main bioclimatological characteristics show a mean annu-
al temperature of 14.9 °C, a mean maximum temperature
of 21.3 °C, a mean minimum temperature of 8.5 °C, and
an annual rainfall amount of 811 mm on average,
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irregularly spread throughout the year, as July and
August are the driest months (AEMET 2012).

Pollen sampling was carried out by using a Hirst type
LANZONI VPPS 2000 volumetric trap working continuously
from 1999 to 2017. The device was calibrated with a suction
flow rate of 10 L/min (Hirst 1952). The sampler was located
on the roof of the town hall building in Vigo, approximately
15 m above ground level. The capture media of the pollen
grains was a Melinex tape coated with an adhesive solution.
The Spanish Aerobiology Network methodology (Galan et al.
2007) was applied for the counting and identification of the
pollen grains by using an optical microscope with a magnifi-
cation of x 40. Airborne pollen concentrations were expressed
as grains per cubic meter of air (Galan et al. 2017). For the data
management, the main pollen season (MPS) is considered to
be the period during which a 95% of the annual total accumu-
lated sum of pollen is recorded. MPS starts when the accumu-
lated sum of pollen reaches a 2.5% of the annual total and
finishes the day a 97.5% of the annual total is reached
(Andersen 1991). In order to observe the tendencies of the
aerobiological pollen parameters the data were fitted to a sim-
ple linear regression line considering the slopes of the regres-
sion equations, the determination coefficients (Rz), and the
significance levels (p).

The meteorological data were supplied by the AEMET
Port of Vigo meteorological station located next to the Hirst
pollen sampler. The daily, monthly, annual, and seasonal
(spring and autumn) values of the main meteorological param-
eters were considered: mean, maximum, and minimum tem-
peratures (degree Celsius), sunshine hours (hours), rainfall
(millimeter), relative humidity (percent), frequency of wind
from the quadrants centered in NE, SE, SW, and NW, and
the xi) frequency of calm weather.

Methodology and software used to model Parietaria
pollen

A first study was conducted using a time series analysis to find
an auto-correlation or cross-correlation function between the
different available variables. According to the slope obtained
in each analysis, it is possible to interpret the memory effect
(time to dissipate) (Sahu et al. 2009; Lee and Lee 2000). For
this study, Parietaria pollen and weather variables as rainfall
and temperatures (maximum, minimum, and mean) were used
because it was necessary to have the completed data series
over a period at regular time intervals.

Once the study of time series had been carried out (years
1999 to 2017), the database was divided into three groups.
The first group, which comprises the years between 1999
and 2013, was used to develop the ANN models and the
second group, that ranges from the years 2014 to 2015, was
used to choose the best neural model and to determine the five
most important variables to implement new simplified
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Fig. 1 Location of Vigo in Europe

models. Once the new simplified models were implemented
(between the years of 1999 and 2013), the best models were
chosen using the years 2014 and 2015. Finally, the most recent
years, 2016 and 2017 were used as an external validation of
the best simplified models obtained.

Neural network requires a huge implementation of models
with different topologies, that is, a different number of neurons
in hidden layers. To determine the best topology, the trial and
error approach can be used (Astray et al. 2016a, b; Govindaraju
2000). During the training phase, weights (w) and bias value (b)
are modified to minimize the error between outputs and targets
(Govindaraju 2000). In this research, the logistic function was
used in the hidden and output neurons. When all models have
been developed, the validation group is used to choose the five
models with higher determination coefficient (R?) and then the
best model is chosen, among the five models, according to the
lowest root mean square error (RMSE). The multiple model is
chosen from the best five models that presents the most repre-
sentative behavior for each parameter.

PAST v2.17 software (Hammer et al. 2001) and EasyNN
plus v14.0d from the Neural Planner Software Ltd. (UK) were
used for time series analysis and neural model development,
respectively. Data were fitted using Microsoft Excel from
Microsoft (USA). Figures were made with Sigmaplot 13 from
Systat Software Inc. (USA), Power Point and Microsoft Excel
from Microsoft (USA).

Results

Parietaria pollen represents on average a 14.2% of the
total airborne annual pollen integral detected in the city

of Vigo during the study period. The timing of the appear-
ance of Parietaria pollen in the air varies from year to
year, depending on the meteorological conditions. As a
general rule, and taking into account the data after these
years of research, the main pollen season starts the first
few days of March and ends in the middle of October
(Table 1). Regarding the phenological differences detected
in this genus of plants, a significant (p =0.000) tendency
to a delay of the end in the main pollen season was ob-
served (5 days per year) (Table 1, Fig. 2). The pollination
period of Parietaria is very long, with an average dura-
tion of 225 days. A significant (p =0.025) tendency to-
wards an increase of the flowering period (3 days per
year) was detected as a consequence of the delay in the
end of the main pollen season (Table 1, Fig. 2).

The presence of Parietaria pollen grains was not constant
in the atmosphere during the year. In general, the highest con-
centrations were observed during the middle of June, with a
maximum peak attained on June 26, 2012 (Table 1). During
the period of the study, significant trends towards an increase
of the annual Parietaria pollen integral (R*=0.50) and the
concentration of the mean daily maximum pollen value in
the year (R2 =0.27) were detected (Fig. 2). Important inter
annual fluctuations on the annual pollen integral were detected
during the years of study. The minimum annual pollen integral
was registered during 2005 with 1033 pollen grains, while the
maximum total annual pollen integral was observed during
2012 with 7180 pollen grains (Table 1).

On the one hand, if we analyzed the behavior of the mete-
orological variables, we could observe a tendency towards an
increase in temperature (maximum, minimum, and average).
On the other hand, a negative trend was detected for rainfall
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Table 1 Start, end date, and length of the Main pollen season (MPS).
Annual Parietaria pollen integral (pollen), peak pollen (pollen/m3 ), and
pollen peak date. Lineal trend analysis, R, p level and slope during the
study period (1999-2017)

MPS Total Pollen Date

Start End Length Pollen Peak  Peak day
1999 14-Mar  11-Sep 182 2895 112 25-May
2000 18-Feb  2-Oct 228 2091 73 13-Jun
2001 12-Mar  27-Aug 169 1859 116 28-May
2002 25-Feb  25-Oct 243 1554 51 13-Jun
2003 20-Feb  22-Sep 215 1373 66 20-Jun
2004 19-Feb  24-Sep 219 2142 100 26-Apr

2005 23-Mar  13-Oct 205 982 43 3-Jul

2006 14-Mar  27-Oct 228 4361 158 25-May
2007 26-Mar 4-Nov 224 5932 144 29-Jul
2008 27-Feb  9-Nov 257 6825 189 28-Jun
2009 17-Mar  16-Oct 214 6525 159 31-May
2010 24-Mar  21-Oct 212 4548 99 28-Apr
2011 17-Mar  24-Nov =~ 253 5095 131 11-May
2012 18-Feb  20-Nov 277 6152 225 26-Jun
2013 4-Apr  3-Nov 214 5275 187 25-Jun
2014 31-Mar  31-Oct 215 5202 142 13-Jun
2015 16-Mar  12-Dec 272 4462 94 28-May
2016 09-Apr  10-Dec 247 5429 129 27-Jun
2017 0l-Feb ~ 20-Nov 293 5769 146 17-Jun
Average 10-Mar  25-Oct 230 4130 124 8-Jun
R 0.055 0.758 0.408 0499 0241 0.017
plevel 0332 0.000 0.003  0.000 0.032 0.598
Slope 0.728 4.547 3.566  252.58 4232 0.539

(10 days per year) whereas no tendency was observed for the
relative humidity (Fig. 3).

Time series analysis

In order to forecast airborne concentrations of Parietaria pol-
len, auto-correlation analysis and cross-correlation analysis
were applied. The auto-correlation for Parietaria pollen de-
creases from 1 to 0.688 after 1 day, and reaches zero value in
94 days. The location of consecutive maximum peaks sug-
gests that Parietaria pollen presents a seasonality close to
365 days (with a small displacement probably due to the effect
of all the other variables). Auto-correlation function for rain-
fall decreases faster than Parietaria pollen, as expected, and
does not show seasonality, while auto-correlation functions
for temperatures decrease slower and show a clear seasonality
close to 365 days.

To determine the most acceptable prediction window for
Parietaria pollen the cross-correlation functions for
Parietaria pollen were studied. The cross-correlogram shows
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a positive correlation coefficient between Parietaria pollen
and Parietaria pollen + 1 with a maximum cross-correlation
value 0f 0.688 (p = 0.000) for lag 0, and 0.586 (p = 0.000), and
0.467 (p=0.000) for lag one, two, and three, respectively.
These values reveal that there is a good correlation between
Parietaria pollen and Parietaria pollen + 1, but it clearly de-
creases with days. These results show that Parietaria pollen
concentration can be predicted with a maximum accuracy of
68.8% 1 day ahead using pollen concentration.

According to the purpose of this research, artificial neural
models were implemented with 13 input variables to predict
pollen concentration at 1, 2, and 3 days ahead of using three
individual models.

Individual neural models (13 input neurons)

As mentioned earlier, neural network modeling requires a
huge implementation of models, using a trial and error ap-
proach to obtain a model which is capable of predicting atmo-
spheric Parietaria pollen concentrations 1, 2, and 3 days
ahead. Over five hundred neural models with different topol-
ogies and training cycles were developed. The required time
to develop each neural model depends on the number of input
variables, the complexity of the topology, and the number of
training cycles, among others. All models were developed
with 13 input neurons. When the models were implemented,
it was necessary to calculate the different adjustments, the
determination coefficient, and the root mean squared error
(Table 2). The best individual models present a R*; between
0.678 for 1 day ahead, and 0.476 for 3 days ahead. These
values correspond with a RMSE; between 11.72 pollen/m’
and 14.89 pollen/m>, 1 or 3 days ahead respectively
(Table 2). For the validation phase, these best models present-
ed a determination coefficient between 0.647 and 0.389, 1 or
3 days ahead. Figure 4 shows the adjustments for 1 day ahead
(top) are comparable to 2 and 3 days ahead (middle and bot-
tom) for the validation phase. It is necessary to emphasize that
the maximum Parietaria pollen concentration is
underestimated when the time window is expanded to 2 and
3 days ahead (Fig. 4, middle and bottom).

The importance of each variable used can be determined by
means of the weights values between input neurons and inter-
mediate neurons. The most important variables for Parietaria
pollen 1 day ahead were as follows: (i) Parietaria daily pollen
concentration (pollen concentration at zero day), (ii) day, (iii)
maximum temperature, (iv) northwest wind, and (v) minimum
temperature. The main variables for Parietaria pollen 2 and
3 days ahead are similar to the variables obtained for pollen
1 day ahead. A slight difference was detected regarding the
wind variable which leaves the group of the five most impor-
tant being replaced by mean temperature. In order to choose
which five variables could be used for the new simplified
models, the average of each variable is calculated. It was
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Fig. 2 Trends of the Main Pollen Season characteristics

determined that the new variables were as follows: (i)
Parietaria pollen concentration; (ii) day; and (iii—v) maxi-
mum, mean, and minimum temperature.

Nevertheless, at this time, models with one output (individ-
ual model) and one model with three outputs (1, 2, and 3 days
ahead, multiple ANN) were developed. About 300 more neural
models with the selected five input variables were conducted.

Neural models (five input neurons)

In Table 3, training adjustments for the best neural models (1,
2, and 3 days ahead) using five input variables are shown.
Individual models present more unfavorable results for the
training phase than the models with 13 input variables with
a determination coefficient, between 0.600 for the case of
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Fig. 3 Trends of the main meteorological variables

1 day ahead, and 0.452 for 3 days ahead. In terms of root mean
square error for the training phase, the values vary between
13.15 pollen/m® for 1 day ahead and 15.22 pollen/m> for
3 days ahead. On the other hand, the multiple model presents
better results than individual models with five input variables
and similar results to the individual models with 13 variables.
The best multiple model to predict 1 day ahead presents a R*7
of 0.652 with a RMSEr of 12.20 pollen/m’. As expected,
adjustments are worse when the time window is increased,
3 days ahead presents a R*7 of 0.456 with a RMSEy of
15.16 pollen/m”.

Good results for the validation phase (2014 to 2015)
are according to the results obtained for the training phase
(Table 3). In this case, developed individual neural
models to predict Parietaria concentration present a de-
termination coefficient for the validation phase between
0.624 and 0.367 for 1 and 3 days ahead, respectively, with
RMSEs between 11.90 and 15.53 pollen/m>. For the mul-
tiple model, the adjustments present more favorable re-
sults than individual models with 13 input variables, in
terms of RMSEy, (Tables 2 and 3).

Finally, for the external validation (years 2016 and 2017),
the simplified models with five variables offer similar results
to the validation phase. The individual models present a R* of

Table 2 Fits for training and validation phase of the best individual
neural model developed with 13 input neurons. Topology is the model
structure, cycles are the number of training cycles used to develop the
neural model, R? is the coefficient of determination, and RMSE is the root

0.590, 0.390, and 0.333 for the Parietaria 1 day ahead, 2 days
ahead, and 3 days ahead, respectively. These values corre-
spond with errors between 13.71 and 17.54 pollen/m’. A mul-
tiple neural network offers slightly better results than the in-
dividual models, with an R? between 0.618, and 0.332 for the
Parietaria 1 day ahead and 3 days ahead, that correspond with
errors between 13.22 and 17.57 pollen/m”.

We can see that predicted values for the Parietaria peaks
using the multiple model are underestimated (Fig. 5) in the
same way as the individual models with 13 variables (Fig. 4).

Discussion

In the studied Atlantic area of Spain, Parietaria pollen repre-
sents an average of 14.2% of the airborne annual pollen inte-
gral. Similar results were found by different authors for
Urticaceae pollen in different areas of the Mediterranean
Basin, ranging from a 14.6% (Belmonte et al. 1998) to
15.7% (Sabo et al. 2015). Parietaria is considered one of
the most important allergen sources across the
Mediterranean countries (Makris et al. 2010; Fotiou et al.
2011), it can also be found sparsely in temperate regions of

mean square error (pollen/m®). The subscripts, 7 and V correspond to
training and validation phase, respectively, while + 1, +2, and +3
correspond to prediction window 1, 2, and 3 days ahead, respectively

Training phase (1999-2013)-individual neural networks-13 input neurons

Topology Cycles R Rrin

13-(5)-1 64,000 0.678

13-(3)-1 32,000 0.533

13-(6)-1 8000

Validation phase (2014-2015)-individual neural networks-13 input neurons
Topology Cycles Ry R

13-(5)-1 64,000 0.647

13-(3)-1 32,000 0.456

13-(6)-1 8000

Rris RMSE7, RMSE7, > RMSEr, 3
11.72
14.13
0.476 14.89
Ryis RMSEy RMSEy . RMSEy, 3
12.73
14.96
0.389 16.46
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Fig. 4 Predicted and real values of Parietaria pollen during validation years 2014 and 2015 to 1 day ahead (top), 2 days ahead (middle), and 3 days

ahead (bottom) using individual models with 13 input variables

central and eastern Europe (Holgate et al. 1988), Australia
(Ford et al. 1986), and California (Kaufman 1990).
Meteorological variables influence the Parietaria pollina-
tion period, which takes place from spring to autumn and
reaches maximum peaks from May to June (D’Amato
2002). Similar findings were recorded in our study area, with
amain pollen season length of 225 days. The detected trend to
a delay of the main pollen season end date (5 days per year)
was observed in previous studies which noted a tendency
towards lower mean minimum temperatures during spring in
the coastal Atlantic area (Recio et al. 2009). Temperature and
water availability are known to be the determining factors for
both the beginning and the end of the pollination period,
which explains the prolongation of flowering during the sum-
mer months in Vigo (Recio et al. 2009) as a consequence of
the warm temperatures registered and the highest water avail-
ability by the plant. Temperature and water availability during
the beginning or the end of the pollination period show a
different behavior for the prediction of airborne Parietaria
pollen. It can be observed in the list of chosen variables that
water (considered in our case as precipitation or relative

humidity) was not selected. Precipitation shows a medium-
low importance for the three models, varying between posi-
tions six and 11 for the model 3 days ahead and 2 days ahead
respectively (on average it is located in the 8 of 13). Relative
humidity exerts low importance for the three models (between
eight and thirteen) given the fact that it was the last variable in
importance as average. This behavior exerts an allergological
consequence in the sensitized people due to the increase of the
period of time in which they could suffer from pollinosis
symptoms. Different authors noted that the long pollination
period was the cause of up to 80% of patients with pollinosis
in the Mediterranean region and these people are sensitized
against Parietaria allergens (D’Amato and Labetalol 1989;
Pérez and Gorgues 1986; Bousquet et al. 1986). About 52%
of these patients suffer rhinitis and asthma (D’Amato et al.
1992; D’ Amato 2002).

Nonetheless, the increase of the pollen quantity in the at-
mosphere during the last few years may be influenced by the
meteorological variables. In the present study, we have ob-
served an increased tendency in temperatures and a decreased
tendency in rainfall. These differences may be due to climate
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Table 3 Fits for training phase
and validation phases of the best

Training phase (1999-2013)-individual neural networks-5 input neurons

individual and multiple neural Topology Cycles R Ry R*r.s RMSE;, RMSE7, » RMSE7, 3
models deVelOped Wlth five input 5_(4)_1 2000 0.600 13.15
neurons. Topology is the model
structure, cycles are the number of 5-(3)-1 2000 0483 15.15
training cycles used to develop 5-(3)-1 128,000 0.452 15.22
the neural model, R is the Training phase (1999-2013)-multiple neural networks-5 input neurons
coefficient of determination, and 2 2 2
’ Topol 1 R R R RMSE RMSE RMSE
RMSE is the root mean square opology CyC €s T+1 T+2 T+3 S T+1 S T+2 N T+3
error (pollen/m®). The subscripts, 5-(8)-3 256,000 0.652 0.533 0.456 12.20 14.12 15.16
Tand V correspond to training and Validation phase (2014-2015)-individual neural networks-5 input neurons
Vaﬁ{?’dtloln Pgasesarezpect“’ely’ . Topology ~ Cycles R R%.»  R*.3;  RMSEy,; RMSEy,» RMSEy,;
while + 1, + 2, and + 3 correspon
to prediction window 1, 2, and >-(4)-1 2000 0.624 11.90
3 days ahead, respectively 5-(3)-1 2000 0.446 14.68
5-(3)-1 128,000 0.367 15.53
Validation phase (2014-2015)-multiple neural networks-5 input neurons
Topology Cycles R R, R .5 RMSEy, RMSEy, » RMSEy, 3
5-(8)-3 256,000 0.640 0.458 0.373 11.68 14.39 15.48
External validation phase (2016-2017)-individual neural networks-5 input neurons
Topology Cycles R R, R .5 RMSEy, RMSEy, » RMSEy, 3
5-(4)-1 2000 0.590 13.71
5-(3)-1 2000 0.390 16.67
5-(3)-1 128,000 0.333 17.54
External validation phase (2016-2017)-multiple neural networks-5 input neurons
Topology Cycles R*v.1 Rv.» Ry, RMSEy RMSEy, » RMSEy, 3
5-(8)-3 256,000 0.618 0412 0.332 13.22 16.47 17.57

change patterns occurring in the recent years, since the release
of the pollen grains in the Urticaceae family requires suitable
conditions of temperature and humidity (Gonzalez Minero
etal. 1997). Temperature is most important on airborne pollen
concentrations during spring (Recio et al. 2010; Puc 2012;
Ianovici et al. 2013), while humidity has a predominant role
in autumn (Galan et al. 2000). No tendency was observed for
the relative humidity as consequence of the coastal character
of'the studied area. Therefore, despite being considered a typ-
ically Mediterranean taxon, our study reinforces the allergenic
importance of the Parietaria pollen grains around the Atlantic
coast of northwestern Spain, which may increase over the
coming years. The colonization of new habitats by
Parietaria populations have increased over the last few years
with the subsequent elevation of their pollen concentrations in
the atmosphere. It has been demonstrated that the atmospheric
pollen levels of many species, including Urticaceae, tended to
rise during the last decades (Recio et al. 2009) in different
European regions (Garcia-Mozo et al. 2006; Rodriguez-Rajo
et al. 2004; Tedeschini et al. 2006). A concomitant general
increase in pollinosis cases during the same period has also
been detected (Beggs 2004).

The aforementioned findings reinforce the need of the
short-term prediction of airborne Parietaria pollen concentra-
tions in order to check whether allergic individuals could take
preventative measures to protect themselves from the severity
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of'the pollen season. Statistical models enabling the short-term
prediction of atmospheric pollen concentrations were mainly
conducted making use of statistical tools such as additive
models (Cotos-Yanez et al. 2004), Time series analysis
(Rodriguez-Rajo et al. 2006) or models based on the correla-
tion of pollen levels with meteorological variables by means
of uni-dimensional linear equations using variables with the
greatest prediction capacity (Rodriguez-Rajo et al. 2004).
ANN models have demonstrated a higher efficiency to predict
airborne pollen concentrations than these traditional aerobio-
logical forecasting methodologies (Sanchez-Mesa et al. 2005;
Astray et al. 2016b).

The prediction models should be approached from a point
of view of reliability and ease of implementation. As can be
seen in models with the most variables, the results for the
training phase are better in terms of Rz; however, the determi-
nation coefficient for the multiple model with five variables
has remained similar in the validation phase and, what is more
important, for this phase, the RMSE has been improved. The
possible reason for this can be the noise suppression when the
input variables are reduced. As stated above, our research
group developed another three different neural models to pre-
dict Parietaria pollen (1, 2, and 3 days ahead) in other inland
areas (around 75 km away) of northwestern Spain (Iglesias-
Otero 2013). In this case, the models presented low R? for
1 day ahead (0.327), 2 (0.251), and 3 days ahead (0.248) for
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Fig.5 Real and predicted values of Parietaria pollen for validation years 2014 and 2015 and for external validation years 2016 and 2017 to 1 day ahead
(top), 2 days ahead (middle), and 3 days ahead (bottom) using multiple model with 5 input variables

a validation period (years 2009 and 2010). The input variables
used by Iglesias-Otero (2013) were as follows: (i) day, (ii)
rainfall, (iii) relative humidity, (iv) sunshine hours, and (v)
Parietaria daily pollen concentration. It is for this reason that
we can affirm that a good variable selection is fundamental to
predict the concentration of Parietaria pollen. Moreover, it
allowed us to eliminate one of the biggest drawbacks of arti-
ficial neural networks, the long implementation time due to
their computationally intensive procedure (large number of
inputs and cases) (Tu 1996).

The proposed neural models have demonstrated a higher
efficiency to forecast Parietaria allergenic risk periods with a
prediction horizon for 1, 2, and 3 days ahead. Mild symptoms
were registered with Parietaria concentrations above 10-15
pollen/m® and severe symptoms (over 90% of patients suffer
from pollinosis) occurred with airborne concentrations
exceeded 80 pollen/m® (Negrini et al. 1992). Even the 3-day
ahead model is able to accurately predict the days with the
possibility of mild allergy symptoms as well as the days with
risk of severe pollinosis symptoms. A strength of the models
proposed in our study was the use of observed meteorological
data of a given day to predict the pollen values during the next

3 days. Investigations conducted by Ritenberga et al. (2016)
pointed out that the models based on meteorological parame-
ters obtained by Numerical Weather Prediction forecasts can
potentially be a roadblock because the uncertainty of the
weather forecast will add to the uncertainty of the pollen mod-
el itself and, in case of significant issues, disqualify the pollen
prediction. This shortcoming could be detected for several
pollen prediction models in literature as many of them use
future meteorological data that should be estimated.

Conclusions

The current paper presents a local-scale ANN statistical model
for Parietaria pollen forecasting calibrated with observed
time series of pollen concentrations and meteorological vari-
ables. A specific application is demonstrated for Vigo, but the
methodology is applicable for other Atlantic coastal locations.
Neural models have demonstrated a higher efficiency to pre-
dict atmospheric Parietaria pollen concentrations (for 1, 2,
and 3 days ahead) than traditional aerobiological forecasting
methodologies such as time series analysis.

@ Springer
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This study provides a new approach in areas such as the
Atlantic coast of Spain where this weed has not been consid-
ered an important aeroallergen. We show a significant increase
in the length of time Parietaria pollen is in the air, as well as
significant increases in the annual Parietaria pollen integral
and mean daily maximum pollen value in the year. This cir-
cumstance could exert an important impact in public health
due to the tendency to the aggravation and the increase of the
type I allergy cases detected in recent years. We recommend
further improvement of the model to make the prediction
model much robust with new experimental data.
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