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Abstract Analysis of airborne pollen concentrations provides
valuable information on plant phenology and is thus a useful
tool in agriculture—for predicting harvests in crops such as
the olive and for deciding when to apply phytosanitary treat-
ments—as well as in medicine and the environmental sci-
ences. Variations in airborne pollen concentrations, moreover,
are indicators of changing plant life cycles. By modeling pol-
len time series, we can not only identify the variables influenc-
ing pollen levels but also predict future pollen concentrations.
In this study, airborne pollen time series were modeled using a
seasonal-trend decomposition procedure based on LOcally
wEighted Scatterplot Smoothing (LOESS) smoothing (STL).
The data series—daily Poaceae pollen concentrations over the
period 2006–2014—was broken up into seasonal and residual
(stochastic) components. The seasonal component was com-
pared with data on Poaceae flowering phenology obtained by
field sampling. Residuals were fitted to a model generated
from daily temperature and rainfall values, and daily pollen
concentrations, using partial least squares regression (PLSR).
This method was then applied to predict daily pollen concen-
trations for 2014 (independent validation data) using results
for the seasonal component of the time series and estimates of
the residual component for the period 2006–2013. Correlation
between predicted and observed values was r = 0.79 (correla-
tion coefficient) for the pre-peak period (i.e., the period prior
to the peak pollen concentration) and r = 0.63 for the post-
peak period. Separate analysis of each of the components of
the pollen data series enables the sources of variability to be

identified more accurately than by analysis of the original
non-decomposed data series, and for this reason, this proce-
dure has proved to be a suitable technique for analyzing the
main environmental factors influencing airborne pollen
concentrations.
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Introduction

Airborne pollen levels are a key indicator of flowering in
wind-pollinated plants. Monitoring of pollen concentrations
provides valuable information on plant phenology and pro-
ductivity and is thus a useful tool in botanical, environmental,
and agricultural research (García-Mozo 2011; Fernández-
Llamazares et al. 2014). Monitoring is also of public health
interest, since pollen is the leading cause of allergies
(D’Amato et al. 2007), and the number of allergy-sufferers
has considerably increased over the last few decades
(Bousquet et al. 2011). Modeling airborne pollen concentra-
tions helps to identify the variables or factors influencing var-
iations over time (Aboulaich et al. 2013; Rojo et al. 2015) and
also to predict future pollen levels (Rodríguez-Rajo et al.
2006; Silva-Palacios et al. 2015).

The flowering sequence of anemophilous species deter-
mines the airborne pollen concentrations (Estrella et al.
2006), and the pollen spectrum is related to the geographical
characteristics, flora, and vegetation of a given site (Kasprzyk
2006; Rojo et al. 2015). Central Spain is characterized by a
great diversity and abundance of plant communities and spe-
cies, which results in high pollen amounts and an important
pollen diversity (Pérez-Badia et al. 2010). However, the daily
pollen concentrations are also governed by the meteorological
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conditions influencing local pollen emission and dispersal
(Sánchez-Mesa et al. 2005). Temperature is one of the most
important variables that influence the pollen emission, and
other meteorological variables such as rainfall or wind speed
and direction influence the pollen dispersal (Rodríguez-Rajo
et al. 2003; Aboulaich et al. 2013).

Analysis of aerobiological data series is based on the con-
tinuous measurement of airborne biological particle (e.g., pol-
len and spore) concentrations, with a view to interpreting var-
iations over time (Peel et al. 2014; Hamid et al. 2015). These
data can therefore be processed using time-series analysis
techniques, and a number of methods have been developed
based on distinguishing between the deterministic (seasonal)
component and the stochastic (residual) component of data
series (Belmonte and Canela 2002; Aznarte et al. 2007;
Ocaña-Peinado et al. 2008).

Research has particularly focused on Poaceae pollen (Stach
et al. 2008; Kasprzyk and Walanus 2010; Fernández-
Rodríguez et al. 2015), for two major reasons: it is the most
common cause of pollen allergies in Europe (D’Amato et al.
2007), and the Poaceae family comprises a large number of
species with a broad range of distribution, together accounting
for roughly 20% of world plant cover (Mabberley 1987). Due
to the numerous grass species involved, the Poaceae pollen
season is both very long (Pérez-Badia et al. 2010) and highly
complex, with marked variations in concentrations and a con-
siderable randomly varying or stochastic component, which
can only be estimated by reference to environmental variables
(Sabariego et al. 2012; Pérez-Badia et al. 2013).

One procedure commonly used to analyze time series is
data decomposition (Brockwell and Davis 2002), which
yields a number of components reflecting different sources
of variability (Currie et al. 2011; Petropavlovskikh et al.
2015). Seasonal-trend decomposition based on LOcally
wEighted Scatterplot Smoothing (LOESS), known as STL
decomposition, is a filtering procedure for decomposing a
seasonal times series into three components: trend, seasonal,
and remainder or residual. Advantages of this technique in-
clude simplicity and speed of computation, robustness of re-
sults, and flexibility in the period of the seasonal component
(Cleveland et al. 1990). This decomposition procedure, wide-
ly used in the natural sciences (e.g., Currie et al. 2011; Vallejos
et al. 2013; Bourjea et al. 2015), has recently become more
popular in aerobiological research (García-Mozo et al. 2014,
2016; Aguilera et al. 2015; Rojo et al. 2015).

A number of papers report on the prediction of airborne
Poaceae pollen concentrations; time-series methods have been
used in some cases (Moseholm et al. 1987; Voukantsis et al.
2010; Brighetti et al. 2014) but not in others (Sánchez-Mesa
et al. 2002; Aboulaich et al. 2013). Other studies have exam-
ined variations in pollen concentrations as a function of
changes in meteorological variables (Rojo et al. 2015) or in
the life cycle (flowering) of species regarded as the main

sources of pollen emission (Frenguelli et al. 2010; León-
Ruiz et al. 2011).

This study sought to chart the correlation between Poaceae
pollen data and flowering phenology data for the most abun-
dant and characteristic species of Poaceae in a representative
area of central Spain and to model pollen time series in order
to identify the meteorological variables shaping each of the
components in the pollen data series over the period 2006–
2014. It also sought to generate a model to predict daily pollen
concentrations, by adding the seasonal component of the se-
ries to the residual component estimated on the basis of me-
teorological variables.

Material and methods

Case study

Daily airborne Poaceae pollen concentrations were recorded
from 2006 to 2014 using a Hirst-type volumetric trap (Hirst
1952) located in the city of Toledo (Fig. 1), following the
protocol recommended by the Spanish Aerobiology
Network (Galán et al. 2007). Data on maximum temperature,
minimum temperature, and rainfall for the city over the study
period were provided by the Spanish Meteorological Agency
(AEMET).

Field observations of flowering phenology were carried out
in 2013. Phenological sampling was performed at ten selected
sampling sites in the vicinity of Toledo, located between
200 m (closest) and 18 km (furthest) from the pollen trap
(Table 1), at heights ranging from 450 to 686 m a.s.l. Sites
contain various types of habitat characteristic of Poaceae spe-
cies, including the following: holm oak forests with clearings
mainly covered by xeric grasslands and shrublands, anthropic
areas of ruderal grassland in urban and periurban areas, weed
communities associated to the extensive croplands surround-
ing the city, and finally hygrophilous grasslands with Poaceae
species.

Phenological data

Weekly phenological observations were based on estimating
flowering intensity for the Poaceae species studied, measured
as the proportion of flowering individuals (%): for this pur-
pose, 25 individuals were selected per species, and the pro-
portion of individuals in bloom each week was recorded (per-
centage of flowering individuals (PFI)). Using an adaptation
of the Biologische Bundesanstalt, Bundessortenamt und
CHemische industrie (BBCH) scale for phenological develop-
ment (Meier 2001), flowering was deemed to begin when
the first anthers were visible (BBCH code 61) and to end when
all anthers were dehydrated and all pollen had been released
from inflorescences (BBCH code 69). A continuous series of
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daily data was generated from weekly PFI values by linear
interpolation, as used in previous phenological research
(Oteros et al. 2013b; Rojo and Pérez-Badia 2015).

Species were selected as a function of their abundance or
representativeness at each sampling site, using an adaptation
of the method recommended by León-Ruiz et al. (2011): 25
individuals/m2 were selected for annuals and 25 individuals/
10 m2 for perennials. As a result, the species sampled varied
from site to site, depending on the type of habitat involved

(Table 1). A total of 25 species were studied: Aegilops
geniculata Roth, Aegilops triuncialis L., Arrhenatherum
elatius (L.) P. Beauv. ex J. Presl & C. Presl subsp. bulbosum
(Willd.) Schübl. & G. Martens, Avena barbata Link, Avena
sterilis L., Bromus diandrus Roth, Bromus hordeaceus L.,
Bromus rubens L., Bromus squarrosus L., Bromus tectorum
L., Cynosurus elegans Desf., Dactylis glomerata L. subsp.
hispanica (Roth) Nyman, Echinaria capitata (L.) Desf.,
Elymus pungens (Pers.) Melderis subsp. campestris (Godr.

Fig. 1 Study area. Phenological
sites in the province of Toledo
(central Spain): 1BarBargas, 2Oli
Olias del Rey, 3Vad Valdelobos,
4Cam Campus University, 5SAn
St. Anton park, 6Saf Safont park,
7SMa St. Martin bridge, 8Val
Tagus valley, 9Bur Burguillos,
10Nam Nambroca. The pollen
trap is located in the city of
Toledo (coordinates: 39° 51′ 55″
N, 4° 2′ 31″ W)

Table 1 Geographical characteristics of the phenological sites and sampled species

No. Site Coordinates Elevation
(m a.s.l.)

Sampled speciesa

1 Bargas 39° 56′ 45″ N 4° 1′ 32″ W 581 AvSt, DaHi, LoRi, MiTe, TrPa

2 Olias del Rey 39° 56′ 9″ N 4° 0′ 2″ W 623 BrRu, DaHi, LoRi, RoCr, TrPa

3 Valdelobos (Toledo city) 39° 52′ 48″ N 4° 4′ 58″ W 514 ArBu, BrSq, DaHi, EcCa, ElCa, RoCr, MaTe

4 Campus (Toledo city) 39° 51′ 57″ N 4° 2′ 37″ W 450 BrDi, HoLe, PiMi, PoAn, TrPa

5 St. Anton park (Toledo city) 39° 52′ 25″ N 4° 1′ 16″ W 494 AvBa, AvSt, BrDi, BrRu, CyEl, DaHi, HoLe, LoRi, RoCr, TrPa

6 Safont park (Toledo city) 39° 51′ 28″ N 4° 1′ 3″ W 470 AvBa, BrDi, PiMi, PoAn, RoCr, TrPa

7 St. Martin bridge (Toledo city) 39° 51′ 28″ N 4° 2′ 3″ W 455 PiMi, PoAn, StCa

8 Tagus valley (Toledo city) 39° 50′ 41″ N 4° 1′ 12″ W 600 AeGe, ArBu, BrHo, BrTe, DaHi, EcCa, LoRi, StCa, VuBr, VuCi, MaTe

9 Burguillos 39° 47′ 43″ N 3° 58′ 55″W 681 BrRu, BrTe, DaHi, RoCr, TrPa, VuCi

10 Nambroca 39° 47′ 24″ N 3° 57′ 1″ W 686 AeGe, AeTr, HoLe, LoRi

a Abbreviations of sampled species: AeGe Aegilops geniculata, AeTr A. triuncialis, ArBu Arrhenatherum elatius subsp. bulbosum, AvBa Avena barbata,
AvSt A. sterilis, BrDi Bromus diandrus Roth, BrHo B. hordeaceus, BrRu B. rubens, BrSq B. squarrosus, BrTe B. tectorum, CyEl Cynosurus elegans,
DaHi Dactylis glomerata subsp. hispanica, EcCa Echinaria capitata, ElCa Elymus pungens subsp. campestris, HoLe Hordeum murinum subsp.
leporinum, LoRi Lolium rigidum, MaTe Macrochloa tenacissima, MiTem Micropyrum tenellum, PiMi Piptatherum miliaceum, PoAn Poa annua,
RoCr Rostraria cristata, StCap Stipa capensis, TrPa Trisetum paniceum, VuBr Vulpia bromoides, VuCi V. ciliata
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& Gren.) Melderis, Hordeum murinum L. subsp. leporinum
(Link) Arcang., Lolium rigidum Gaudin, Macrochloa
tenacissima (L.) Kunth, Micropyrum tenellum (L.) Link,
Piptatherum miliaceum (L.) Coss., Poa annua L., Rostraria
cristata (L.) Tzvelev, Stipa capensis Thunb., Trisetum
paniceum (Lam.) Pers., Vulpia bromoides (L.) Gray, and
Vulpia ciliata Dumort.

Factor analysis was used to reduce dimensionality in the
flowering data for the Poaceae species (Rummel 1988;
Reyment and Jvreskog 1996), with a view to obtaining a sin-
gle phenological variable for each species. Given the similar-
ity of flowering curves (PFI) for each species at different sites,
the first principal component in the factor analysis accounted
in all cases for over 90 % of variance (see example in Fig. 2).
A single factor containing 90 % of the PFI information for a
given species could thus be obtained by the following equa-
tion:

Fs ¼ ∑
z

i¼1
aiX i

where Fs is the factor containing most PFI information for
each species s; a is the coefficient for each variable X, based
on the estimated PFI at each sampling site; i is the sampling
site; and z is the total number of sampling sites for the species.

Decomposition of aerobiological data

The aerobiological variable (pollen concentration) was trans-
formed by decomposition of the time series (Brockwell and
Davis 2002). First, the structure (additive vs. multiplicative
models) and seasonality (stationary vs. non-stationary) of the
time series were defined using Holt-Winters filtering (Winters
1960) and the Ljung-Box test (Ljung and Box 1978),
respectively.

Using an additive model, the daily pollen-concentration
time series (Zt) results from the summation of three compo-
nents (Harvey and Peters 1990):

Zt ¼ Mt þ St þ Rt t ¼ 1;…;T

where Mt is the trend, St is the seasonality, and Rt is the
residual.

This structural model enables each of the components to be
isolated and analyzed separately. Here, a seasonal-trend de-
composition procedure based on LOESS (STL) was used to
analyze daily pollen concentrations over an 8-year period
(2006–2013).

STL is a filtering procedure for decomposing time series,
based on a sequence of smoothing procedures using a locally
weighted regression, commonly known as LOESS (Cleveland
et al. 1990). The LOESS smoother is based on fitting a
weighted polynomial regression for a given time of observa-
tion, where weights decrease with distance from the nearest
neighbor (Dagum and Luati 2003). LOESS produces a
smoothed estimate (ŷj) that is defined by the following:

ŷ j ¼ ∑
d

p¼0
βpjt

p
j j ¼ 1;…; n

where βj is the (d + 1)-dimensional least squares estimate of
the weighted regression, tpj is the (d + 1)-dimensional vector of

the time of observation, j is the number of time lags up to the
maximum defined by the smoothing parameter (n), p = 0,…,
d, and d is the degree of the polynomial fitting.

The time series is fitted iteratively until trend and season-
ality stabilize, in a multi-step process in which moving aver-
ages alternate with LOESS smoothing. At the end of the STL
process, the seasonal and trend components are extracted from
the data series, in accordance with the following expression:

St ¼ S kþ1ð Þ
t ; Mt ¼ M kþ1ð Þ

t ; Rt ¼ Zt−St−Mt
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where k is the number of iterations in which the various
steps take place. For a detailed description of the STLmethod,
see Cleveland et al. (1990) and Zhou et al. (2015).

The STL decomposition method requires definition of the
smoothing parameter for the seasonal component (ns)
(Cleveland et al. 1990); here, it was set at ns→∞, thus forcing
the seasonal component to be periodic and to be constant
across all the years in the time series, thus enabling it to be
used in predicting future pollen concentrations. Time-series
analysis was performed using R software (R Core Team
2015).

Modeling pollen concentrations

Decomposition of the time series into its various components
enabled each component to be independently modeled.
Models were developed by partial least squares regression
(PLSR), using a non-linear kernel algorithm. This method is
appropriate for models containing numerous intercorrelated
independent variables (Wold et al. 2001).

PLSR creates a block of predictors (X) from the indepen-
dent variables included in the model (P), using principal com-
ponents (T). This block is formed by orthogonal factors (i.e.,
independent of each other), commonly known as latent vari-
ables:

X ¼ TPþ Residuals

Each principal component is calculated from the weight
(w) of each independent variable (x) in that factor, computed
from the covariance between the response variable (y) and the
independent variables:

ti ¼ ∑
p

a¼1
wiaX a ; wij ¼

cov x j; y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑p

j¼1cov
2 x j; y
� �q

t1 ¼ w11x1;…;w1pxp

…

tz ¼ wz1x1;…;wzpxp

where p is the maximum number of independent variables
included in the model and z is the maximum number of prin-
cipal components selected.

Next, the latent variables containing the information from
the predictors are used to estimate the response variable:

y ¼ TCþ Error

where C is a matrix of correlation coefficients for the predictor
block and the response variable block.

This study sought to identify potential correlations between
data for the trend and seasonality components (Mt + St) of the
data series for the period 2006–2013 with the flowering

phenology variable (PFI) for the grasses studied in 2013. For
that purpose, PLSR took into account the flowering of
Poaceae species for which a positive significant correlation
was observed (Spearman test).

The residual or random component (Rt) was modeled using
data for daily pollen concentrations and for meteorological
variables measured from 1 day prior to each time point in
the series (x-1) up to 3 days before that time point (x-3).
Modeling was carried out from the PS (PS) start date, de-
fined—using an adaptation of the approach recommended
by Galán et al. (2001) for olive pollen—as the first day on
which at least 10 grains/m3 were recorded with ≥10 grains/m3

on the following 2 days. This definition was better suited to
the aims of the present study (Jato et al. 2006), in that it
enabled the elimination of a large number of earlier days with
small intermittent amounts of pollen, which seriously hin-
dered modeling. The residual component was modeled sepa-
rately for the pre-peak period (i.e., prior to the peak pollen-
concentration day) and the post-peak period (i.e., after the
peak pollen-concentration day). The model was calibrated
for the period 2006–2013.

Finally, daily pollen concentrations for 2014 were predict-
ed using data not used for model calibration. For this purpose,
the residual component was estimated using the model and the
series was reconstructed by adding the deterministic compo-
nents (seasonality and trend). The model was validated by
comparing the predicted data for 2014 with real pollen con-
centrations (i.e., raw non-decomposed data) for that year.
Relationships and differences between real and predicted pol-
len curves were determined using the Spearman test (correla-
tion between data series) and the Wilcoxon signed-rank test
(differences between paired samples).

Calibration and validation of the aerobiological data model
were performed using the Bpls^ package (Mevik andWehrens
2007) and R software (R Core Team 2015).

Results

The Poaceae pollen-concentration series for the period 2006–
2013 was an additive time series with a clear cyclic annual
pattern (Fig. 3). The seasonality of the series did not vary over
time, and no significant trend pattern was observed; for that
reason, the trend component was not subjected to separate
analysis. The results of the Ljung-Box test confirmed that data
matched a stationary seasonal series (Fig. 3).

The daily pollen curve for 2013 reflected the staggered
flowering of different grass species; concentrations differed
considerably depending on the species in flower at any given
moment (Fig. 4). Low peaks were recorded in mid-April
2013, coinciding with the flowering of the earliest Poaceae
species such as Hordeum murinum subsp. leporinum or spe-
cies of the genera Avena, Bromus, and Vulpia. Pollen
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concentrations rose throughout May, due to the flowering of
grasses such as Macrochloa tenacissima, Echinaria capitata,
and R. cristata (Fig. 4). The highest concentrations were ob-
served in late May and early June (2013 peak concentration:
26 May), coinciding with the flowering of late species includ-
ing Arrhenatherum elatius subsp. bulbosum, L. rigidum,
T. paniceum, D. glomerata subsp. hispanica, Piptatherum
miliaceum, and various Aegilops species.

Then, from 26May onward, pollen concentrations began to
decline, as flowering gradually ended in the later grass spe-
cies; by mid-July 2013, the amount of airborne grass pollen
had ceased to be significant (Fig. 4). Comparison of percent-
age of flowering individuals (PFI) data over the flowering
period for each species and airborne pollen concentrations
for the same period revealed that later-flowering species and
Poa annua—which flowers over most of the pollen season
(Fig. 4)—displayed the strongest correlation with pollen con-
centrations (Table 2).

The PFIs for all these grass species were used to model
pollen concentrations (Fig. 5). Models constructed using
PLSR on phenological variables accounted for 35 % of vari-
ance in the original (non-decomposed) data series for 2013
(Fig. 5a). However, when the series was decomposed and
the residual component was removed, the model improved
considerably—accounting for 79 % of variance (Fig. 5b).

Modeling of the residual component, for calibration pur-
poses, showed that this component accounted for 58 % of
overall variance in the pre-peak period (Fig. 6) and for 69 %
in the post-peak period (Fig. 7). The importance of the vari-
ables included in the model, as expressed by regression coef-
ficients, varied between pre-peak and post-peak models, al-
though, in most cases, correlations shared the same sign for
both periods (Fig. 8). The most influential variable was pollen
concentration on the previous day (Poac-1). Maximum tem-
perature on the previous day (Tmax-1) also exerted an impor-
tant positive influence on pollen concentrations, whereas min-
imum temperature (Tmin) and rainfall (R) generally had a
negative effect (Fig. 8).

Finally, the model was validated using independent pollen
data for 2014; the Spearman correlation coefficient between
observed and predicted data was r = 0.79 for the pre-peak
period and r = 0.63 for the post-peak period (Fig. 9). The
Wilcoxon signed-rank test revealed no significant difference
between observed and estimated data series (Fig. 9).

Discussion

Aerobiological data series contain a periodic component
which enables them to be modeled as time series

Characterizacion of the Poaceae pollen time series (2006-2013)
Structure: Aditive model
Stationarity: Stationary process ( 2 = 14104 , p < 0.001)
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(Voukantsis et al. 2010), together with a considerable random
component. In this study, airborne pollen time series were
modeled using a seasonal-trend decomposition procedure
based on LOESS smoothing, which provedwell suited for this
purpose.While the STL decomposition technique has recently
been used by other authors to measure and analyze airborne
pollen trends over fairly long periods (García-Mozo et al.
2014; Aguilera et al. 2015), the results obtained here confirm
that decomposition of pollen data series is also of great value
for interpreting variability in other components—seasonality
and residuals—over a smaller timescale (Rojo et al. 2015).

This study represents a methodological advance for the
modeling of aerobiological series, with various useful appli-
cations: for predicting daily pollen concentrations, for identi-
fying major sources of pollen emission, and for analyzing
variations in pollen concentrations as a function of environ-
mental factors such as meteorological variables.

Using STL decomposition procedures, we can isolate sea-
sonality and trend components from data series and also elim-
inate part of the random noise or residual component which
cannot be accounted for by the behavior of the series itself
(Brockwell and Davis 2002). In aerobiological data series,
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deterministic seasonal and trend components are associated
with certain environmental features and biological aspects

from the plant life cycles, which vary as a function of time-
scales and geographical factors (Petropavlovskikh et al.
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pollen data (a) and the
summations of the seasonal and
trend components of the pollen
time series (b).MSE mean square
error, RMSE root-mean-square
error. Sampled species: AeGe
Aegilops geniculata, AeTr
Aegilops triuncialis, ArBu
Arrhenatherum elatius subsp.
bulbosum, DaHi Dactylis
glomerata subsp. hispanica, LoRi
Lolium rigidum, PiMi
Piptatherum miliaceum, PoAn
Poa annua, TrPa Trisetum
paniceum

Table 2 Results of Spearman
correlation tests between
phenological data (PFI) of the
species and Poaceae pollen data
from original data and the pollen
time series (seasonal + trend)

Grass species Pollen (original data) Pollen (seasonal + trend)

Aegilops geniculata 0.67* 0.72*

Aegilops triuncialis 0.61* 0.86*

Arrhenatherum elatius subsp. bulbosum 0.51* 0.54*

Dactylis hispanica 0.60* 0.87*

Lolium rigidum 0.63* 0.70*

Piptatherum miliaceum 0.48* 0.80*

Poa annua 0.46* 0.45*

Trisetum paniceum 0.58* 0.88*

*p < 0.001
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2015). The present study examined the variability of each
component separately and then tested for correlations between
these components and environmental (meteorological and
phenological) parameters over the most appropriate timescale
in each case; if data series are analyzed without decomposi-
tion, certain interesting features may remain concealed, due to
the potential synergy of environmental parameters over differ-
ent timescales. The present study focused on Poaceae pollen
series, but the same method could be used to model the be-
havior of the pollen spectrum for other species.

Separate processing of each component in the pollen curve
with a view to identifying the cause of variations should start
by examining shifts in seasonality prompted by the seasonal
climate dynamics regulating plant life cycles (Cleland et al.
2007). Analysis of the grass flowering period in the present
study showed that the model generated using flowering phe-
nology data for a very small number of species accounted
sufficiently for series seasonality.

The key grass species for modeling pollen-curve seasonal-
ity proved to be later-flowering species including Aegilops
spp., D. glomerata subsp. hispanica, L. rigidum, and
T. paniceum. Similar findings have been reported by other
authors in studies of the major contributors to the pollen curve
elsewhere in the world (Frenguelli et al. 2010; León-Ruiz et al.
2011). Future research, however, should focus on other as-
pects of pollen emission by different species, including pollen
production (Prieto-Baena et al. 2003; Aboulaich et al. 2009)
and pollen grain dispersal capacity (Subiza 2003). In this
sense, the major contributors to the Poaceae airborne pollen
can be the species belonging to the genera Trisetum
(T. paniceum), Dactylis (D. glomerata), and Lolium
(L. rigidum). These species produce a huge number of pollen
grains per inflorescence (5,000,000–21,000,00 pollen grains
per inflorescence, Prieto-Baena et al. 2003). Otherwise, al-
though the flowering of species of the genus Aegilops coin-
cided with the highest levels of airborne pollen

-200

-100

0

100

200

300

Residuals (observed) Residuals (estimated)

0

50

100

150

200

0

100

200

300

400

500

600

M
od

el
in

g
of

 th
e

re
si

du
al

s
Se

as
on

al
+ 

Tr
en

d
M

od
el

in
g

of
 th

e
or

ig
in

al
 s

er
ie

s

+

= R2 = 0.58 ; p < 0.001
RMSE = 58.3

Calibration of the model for the pre-peak period (2006-2013)

Time (days)

Poaceae pollen (observed) Poaceae pollen (estimated)

Fig. 6 Calibration of the model
for the pre-peak period, obtained
by adding the deterministic com-
ponent (seasonal + trend) to the
estimated residuals during the pe-
riod 2006–2013

Int J Biometeorol (2017) 61:335–348 343



concentrations, these species can have low contribution to the
airborne pollen concentrations because their pollen production
is below 100,000 pollen grains per inflorescence (Prieto-
Baena et al. 2003).

Since the data series used here did not display a significant
trend pattern, i.e., it was stationary over time in probability
terms (Cryer and Chan 2008), there was no need to analyze
the trend component separately. In longer pollen data series,
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however, significant trends have been observed, prompted by
variations in weather patterns (Recio et al. 2010; Makra et al.
2011). Reported trends are mostly attributed to changes in
plant phenology as a result of environmental changes
(Peñuelas et al. 2002; Gordo and Sanz 2009; García-Mozo
et al. 2010). Wherever apparent trends are observed, they
should be analyzed on a long-term basis by isolating the trend
component of the data series (García-Mozo et al. 2010;
Aguilera et al. 2015).

Finally, the daily pollen series contained a residual compo-
nent, reflecting its stochastic nature. This residual displays
highly variable behavior due to the influence of short-term,
local-scale meteorological conditions (Petropavlovskikh et al.
2015), which, in the Mediterranean region, tend to vary con-
siderably (García-Mozo et al. 2014). On the basis of correla-
tions with a range of meteorological variables (Ranzi et al.
2003), the residual component can be modeled—as here—
with a view to identifying the meteorological variables most
influencing airborne pollen concentrations (Rojo et al. 2015)
and also to predicting future pollen concentrations by estimat-
ing the residual component isolated separately from the orig-
inal data series (Valderrama et al. 2010).

The patterns of Poaceae pollen emission can vary greatly in
response to meteorological changes, as it is shown in the re-
sults of this study. Therefore, the aerobiological processes are
greatly influenced by the meteorological variables (Sánchez-
Mesa et al. 2005), and maximum temperature is the most
important meteorological variable included in the predictive
model with respect to the standardized regression coefficients.
However, other important phenomenon such as pollen dis-
persal is conditioned by other meteorological variables such
as rainfall (Rojo et al. 2015), and thus, this variable has been
also included in the model of our study.

The model obtained using the STL decomposition proce-
dure and data for 2006–2013 was used to predict airborne

Poaceae pollen concentrations for 2014. The predicted pollen
curve correlated well with the observed curve, with no signif-
icant difference between distributions. The prediction model
for the residuals included meteorological variables and pollen
for previous days, focusing on those accounting for the
greatest amount of variance (Sawa 1978; Seasholtz and
Kowalski 1993). The parsimony principle should always be
applied with a view to obtaining models combining simplicity
with a high degree of precision (Akaike 1974). Moreover, the
calibration of pre-peak and post-peak models with determina-
tion coefficients of 0.58 and 0.69, respectively, may be con-
sidered quite acceptable (Silva-Palacios et al. 2015) and
yielded predictions which correlated closely with observed
values for 2014.

The inclusion of a large number of highly correlated pre-
dictors may give rise to multicollinearity issues (Graham
2003). Statistical modeling of various aspects of the pollen
season often uses numerous pollen-related predictors (Stach
et al. 2008; Veriankaitė et al. 2011). PLSR is regarded as a
suitable technique for reducing the number of predictors, since
it is not sensitive to multicollinearity (Wold et al. 1984); it has
recently been used in aerobiological modeling (Oteros et al.
2013a; Brighetti et al. 2014; Rojo et al. 2015). Application of
this procedure for the analysis of stochastic processes yields
good results, since it reduces other statistical problems linked
to model stability and quality of fit (Preda and Saporta 2005).

Finally, the PS start date needs to be carefully defined,
since it is a key aspect of modeling. Poaceae have a very long
pollen season (Pérez-Badia et al. 2010; Gucel et al. 2013),
including numerous days at the start and end of the main
season with very low and intermittently varying pollen con-
centrations. These hinder modeling and, thus, the prediction of
future airborne grass pollen concentrations. For a better fit, the
pollen season should be reduced to the period over which
pollen concentrations are reasonably high (Silva-Palacios
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et al. 2015). Moreover, models for predicting daily pollen
concentrations—such as that constructed here—can be com-
bined with models generated for predicting the PS start date
(Kasprzyk and Walanus 2010, 2014; Pauling et al. 2014).

Conclusions

Decomposition of time series using the STL procedure was
found to be a suitable technique for analyzing the phenologi-
cal and meteorological factors influencing airborne pollen
concentrations. Separate analysis of each of the components
of the pollen data series enables the sources of variability to be
identified more accurately than by analysis of the original
non-decomposed data series, since certain environmental fac-
tors may mask the influence of other factors operating at dif-
ferent timescales. Furthermore, the results of this work consti-
tute an advance in the knowledge of the major contributors
(grass species) to the Poaceae airborne pollen concentrations.
The method can also be applied for modeling other pollen
types.
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