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Abstract
Predicting concentrations of pollen is of great importance both for patients and for public health institutions. In this paper,
we present a forecasting approach which relies on data and makes no assumptions on the underlying phenomena affecting
the plants and the pollination process. Machine learning is used to build a model and to select the most important variables
for prediction. Through nonparametric hypothesis testing, we show how some variables are indeed more important than
others and how the careful combination of these variables can lead to more accurate and parsimonious models which avoid
the huge computational times of more complex models while outperforming them in terms of the precision of the forecasts.
By increasing the richness of the selected variables based on the clustered Friedman importance ranks, prediction error is
reduced from 4.57 to 4.40 grains/m3 as an average, which accounts for a 3.5% average improvement across locations studied
with a 50% reduction of execution times.

1 Introduction

Allergy symptoms and their severity have been increasing
in Western Europe during the last decades (de Weger et al.
2013), a fact which clearly implies the usefulness of the
prediction of pollen concentrations, which are used not only
to limit the exposure of patients to allergens but also to
prearrange resources for clinical institutions. Plantago is
one of the most common species among the herbaceous
plants. Even though its airborne atmospheric concentrations
are low, positive reactions appear nearly in 50% of the
sensitive patients (Subiza et al. 1995).

Up to date, several studies have been proposed to
approach the pollen forecasting problem based on tech-
niques that range from classic multivariate regression to
nonlinear models (Cotos-Yáñez et al. 2004; Rodrı́guez-Rajo
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et al. 2004; Tassan-Mazzocco et al. 2015; Tseng et al. 2018),
to artificial neural networks (Astray et al. 2016; Aznarte
et al. 2007; Iglesias-Otero et al. 2015). Due to the curse of
dimensionality, in every approach, variable selection plays
a crucial role. For example, complex multivariate models
require a precise parameterization in order to avoid over-
fitting or, in the case of neural networks, the number of
instances needed to train them increase with the topology of
the network (which in turn makes overfitting likely).

Regardless of the chosen approach, the first aim of
the practitioner is to select a set of variables which are
relevant when forecasting airborne pollen concentrations.
In general, it is assumed that weather conditions directly
influence these concentrations. For example, heavy sudden
rains during pollination wash away pollen grains from the
atmosphere. Consequently, studies include meteorological
variables such as previous daily precipitation (Castellano-
Méndez et al. 2005; Iglesias-Otero et al. 2015) or wind
speed, relative humidity, and solar radiation as a proxy
of dryness, which in turn creates optimal conditions for
pollen proliferation (Jones and Harrison 2004; Myszkowska
2014; Rodrı́guez-Rajo et al. 1983). Alternatively, other
studies prefer the use of climatological indices to capture
meteorological information prior the pollen release. Some
such indices are cumulative weather variables (Andersen
1991; Matyasovszky et al. 2015; Myszkowska 2014; Otero
et al. 2013; Pauling et al. 2014), which capture the influence
of past and current weather conditions in current airborne
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concentrations (Deák et al. 2013). On the other hand, in the
literature, there are also models which take a phenological
point of view (Cannell and Smith 1983; Kmenta et al. 2016;
Ribeiro et al. 2007; Smith and Emberlin 2006; Garcı́a-Mozo
et al. 2008), assuming that future airborne pollen release
depends on the current and past growth state of plant buds.
Finally others considered the problem as a univariate time
series problem, developing predictors based exclusively on
past pollen concentrations (Aznarte et al. 2007).

In any case, there is a shared necessity to reduce model
complexity in order to ease its interpretability and shorten
calculation times. Feature selection constitutes an important
research field in Computational Intelligence and Statistics.
Automatic feature selection is aimed at obtaining a subset
of variables which are relevant for model construction,
removing those which are redundant or irrelevant thus
minimizing the loss of information.

As an alternative of automatic feature selection, some
authors used statistical and probabilistic methods to
reduce the dimensionality of the variables in time series
forecasting. Among these techniques, factor analysis (Deák
et al. 2013; Matyasovszky et al. 2015) and partial mutual
information (Li et al. 2015; Tran et al. 2015) are widely
used. The underlying idea is to find a new representation
of the observed variables that is good at explaining
the phenomenon under study at the same time avoiding
collinearity among them.

The objective of this paper is to provide a framework to
select the optimal combination of features to achieve a more
precise forecast of airborne Plantago pollen concentrations
while avoiding a priori assumptions about the influence
of the variables, either meteorological or phenological, on
future pollen releases. Through the use of random forests
(RF), we perform an automatic feature selection which lets
the model capture the inner information from the observed
data and decide the importance of each one of the available
features. Once a parsimonious model is built with the
more relevant variables, it is used to forecast the series
under study with good results compared with the literature.
These results are in turn validated through a nonparametric
ranking-based statistical test (Friedman 1937), showing
the applicability of the proposal to the Plantago pollen
concentration forecast problem in the region of Madrid.

2Material andmethods

2.1 Data description

Pollen observations correspond to daily Plantago concen-
trations registered at 7 locations distributed around the
region of Madrid: Alcalá de Henares, Alcobendas, Aran-
juez, Faculty of Pharmacy of Complutense University

of Madrid, Getafe, Leganés and Villalba ,as shown in
Fig. 1 . Pollen counts were conducted following the stan-
dard methodology of the Spanish Aerobiological Network
(Galán Soldevilla et al. 2007) and were provided by Red
Palinológica de la Comunidad de Madrid.

Meteorological observations were obtained from sensors
placed in the close surroundings of the pollen stations
(each pair of stations in the same municipality separated
less than 2 km), consisting of daily average temperature
in Celsius degrees, solar radiation in W/m2, wind speed
measured in m/s, daily rainfall in mm/h, pressure in
hPa, and degree of humidity in percentage. The data
was provided by the Autonomous Region of Madrid1 and
was measured following the criteria from the Spanish
government meteorological agency (AEMET).

Both pollen and meteorological datasets span from
year 2005 to 2009 at Alcalá de Henares, Alcobendas,
Aranjuez, Getafe, and Leganés. Observations at the Faculty
of Pharmacy are available from 2001 to 2013 while in
Villalba, only 3 years are available starting 2007 to 2009.

Even though the climate in the region of Madrid is
continental (with a strong Mediterranean influence), its
geographical characteristics provide several peculiarities at
each location. Situated at Guadarrama mountains, Villalba
is 903 m above the sea level with a yearly average
temperature of 10–11 ◦C and a yearly average precipitation
of 1250–1500 mm. These characteristics are related to
mountain climate. Conversely, Aranjuez, which is located
495 m above the sea level, has milder yearly average
temperatures (above 14 ◦C) with a yearly average rainfall
below 400 mm. The remaining locations are metropolitan
areas between 594 and 668 m above the sea level with yearly
average temperatures above 15.2 ◦C and precipitations
around 440 mm.

2.2 Features

Previous studies (Navares and Aznarte 2016b) propose a
set of features based on the influence that meteorological
conditions have in the development of the plant, together
with several variables inspired by phenological studies
along with purely analytical approaches, which extract
information directly from the time series. In order to
perform a deeper analysis of the optimal selection of
important features for forecasting airborne concentration,
this study increases the number of features from which the
models are constructed.

A total of 143 features were generated as shown in
Table 1. In addition, an extra variable is included which

1https://gestiona.madrid.org/azul internet/html/web/AvisosAccion.
icm?ESTADO MENU=1
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Fig. 1 Location of weather and
pollen stations in the region of
Madrid
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Table 1 Summary of number of features generated by variable

i Σ10 MAi Σytd Σ30 Σ90 Σ180 std

Pollen 7 1 4 1 1 1 1 –

Temperature 7 1 4 1 1 1 1 1

Tforc – – – 1 1 1 1 –

Tchill – - - – 1 1 1 1 –

Humidity 7 1 4 1 1 1 1 1

Wind 7 1 4 1 1 1 1 1

Rain 7 1 4 1 1 1 1 1

Pressure 7 1 4 1 1 1 1 1

UV 7 1 4 1 1 1 1 1

Sun 7 1 4 1 1 1 1 1

Features include i-lagged variables, previous t days cumulative sums
represented by Σt , moving averages (MA), and previous 15 days
standard deviation (std)

i: previous i ∈ [1, 7] day observation

Σ10: previous 10-day cumulative sum

MAi : max and min i-days moving average i ∈ {5, 15}
Σytd : year to date cumulative sum

Σ30: previous month cumulative sum

Σ90: previous 90-day cumulative sum

Σ180: previous 180-days cumulative sum

std: previous 15 days standard deviation

represents the Julian day of the correspondent year. Thus,
the model is trained using a matrix of vectors of the
form (x1,t , . . . , x144,t |yt+1), where t is the time in which
the forecast is done, yt+1 represents next day pollen
concentration (day-ahead forecast), and xi,t represents the
value at time t of the variable i.

2.3 Random forests for regression

Proposed for the first time in Breiman (2001), a random
forest (RF) is an ensemble approach which leverages the
performance of many weak learners (trees) by combining
them to form a strong learner. RF is a supervised learning
procedure which generates several randomized regression
trees over sample fractions of data, and combines them by
averaging. Different random selections are computed by
each tree improving stability and accuracy; this technique is
known as bootstrap aggregating or bagging (Breiman 1996).

Bagging intervenes at two levels, first in data selection
and second in variable selection, ensuring that each tree
uses a different set of data and a different set of variables.
Then, by averaging, the likelihood of overfitting diminishes
providing a clear advantage over other computational
intelligence methods such as neural networks. Also, this
procedure gives robustness against the presence of outliers
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which favors the selection of RF when compared with
support vector regressions.

Several measures have been proposed to estimate
variable importance in RF. The most advanced is the
permutation accuracy importance measure. Its rationale is
based on randomly permuting each predictor variable so
the original association with the response is broken. Thus,
when a variable is permuted, the accuracy is recorded
and averaged over all trees providing the relative variable
importance, which increases as the difference in accuracy
becomes bigger before and after the permutation. As
opposed to classification trees, the accuracy (or prediction
error) in the regression problem is measured by the variance.

In our case, model performance is checked using the root
mean squared error (RMSE) defined by Eq. 1, along with
the coefficient of determination R2:

RMSE =
√
√
√
√

1

n

n
∑

i=1

(yi − ŷi )2, (1)

where yi is the observed ith data point, ŷi the predicted, and
n the total number of data points in the test set.

2.4 Nonparametric hypothesis testing

In order to evaluate the variable relevance obtained by
the RF algorithm, we use the nonparametric Friedman test
(Friedman 1937) over variable importances with a post hoc
procedure as described in Navares and Aznarte (2016b). The
aim is to investigate, in significance terms, which variables
are considered better predictors.

2.5 Experimental design

A first experiment (which will be considered as a
benchmark for the subsequent) consists in building, for
each location in which we have data, a model designed to
predict one day-ahead pollen concentrations using the full
set of 144 variables. As a result, we obtain the model’s
performance along with the identification of the most
important variables. Secondly, a verification step is done
through the application of statistical inference. The purpose
is to generalize and corroborate if the average rankings
of variables per location are statistically significant. This
is done through the non-parametric tests applied to the
importance of variables obtained per location and per year.
Lastly, we compare the results obtained from the benchmark
with different models created using subsets of the most
important variables ranked in the hypothesis tests.

The benchmark model approaches the one day-ahead
airborne concentration forecast problem by building a RF
model per location. Given the number of years available, as

a cross-validation technique, we use a leave-one-out (LOO)
setup by years. Hence, the series are split into training and
test set at each location, leaving one of the available years
in each iteration as a test set and training the model with the
remaining years. Through this validation technique, we aim
to increase the generalization power of the test set, providing
it with data points across all seasonal characteristics. Also,
by averaging the outcome of the LOO, the results obtained
are more independent of peculiar characteristics of each
year.

The second experiment uses a different subdivision of the
data to add an extra layer of generalization, which is location
independent and it is not subordinated to the shape of the
pollen curve of each year. For each combination of year and
location, the variable importances resulting from building
a RF model are distributed in a N × M matrix where N

represents each pair {location, year} present in the dataset
and M the available variables. The random nature of RF
justifies the averaging of 50 instances of each model in order
to obtain the expected variable importances as they might
slightly change from one RF execution to other. A Friedman
hypothesis test is then conducted to prove the existence of
significant differences within the full set of variables and, if
applicable, a post hoc analysis is performed.

Once the test is applied, we compare the models in terms
of accuracy and time complexity with the benchmark from
the first experiment, which uses the full set of variables.
Thus, the results of this full-sized model are compared with
those obtained by using a reduced set of the 5 and 15 most
important variables out of the statistical inference process.

Considering the trade-off between accuracy and compu-
tational complexity, the last experiment is tailored to find the
combinations of variables that improve current accuracies
subject to minimizing the complexity of the model. As the
number of combinations is large, and consequently the num-
ber of models, a restricted set of combinations is defined
based on clustering the ranked importances obtained from
the nonparametric Friedman test.

3 Results

3.1 Predicting with all the variables

In our first setup, RF is applied using the LOO technique
across all locations with the full set of variables. The relative
importance of the variables is calculated and then averaged,
resulting in Fig. 2.

It can be seen that the variables Σ
p

10, p1, and Σh
180

stay ranked as the top 3 most important variables across
the locations except for Villalba. At this location, 90 days
cumulative pressure (Σpr

90 ) and wind speed (Σw
90) increase

up to 6% and 4% of the total importance, respectively.
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Fig. 2 Relative importance of the most important variables by location using the permutation accuracy importance measure (variables are ordered
by the sum of their importance across locations)

Due to the fact that this station is located at 903 m above
the sea level, its particular climate conditions, related to
mountain climate, produce higher correlation between the
wind variable and airborne concentrations. Also, lower
atmospheric pressure due to the elevation eases plant
formation and consequently pollen releases, which explains
higher importance for Σ

pr

180, compared for example with
Aranjuez which is located 495 m above the sea level.

Furthermore, the different urban configuration, for example,
with no high buildings, as compared with urban areas such
as Getafe, Leganés, Farmacia, Alcobendas, and Alcalá,
causes pollen concentrations to differ considerably.

However, excluding the particularity of Villalba, Σ
p

10
stays as the most important variable across locations,
followed by p1 and Σh

180 which alternate positions
depending on the location.
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3.2 Nonparametric tests to compare variable
importance

As we have seen in Section 3.1, there is some stability in
the top-ranked variables. However, there is no clear pattern
on the grouping of the variables and their interrelations. In
order to investigate this, and to provide statistical evidence
of the existence of variables (or groups of variables), which
are more important than others, a nonparametric test was
performed.

For each location and year available, a RF model was
trained using each combination {location, year} in isolation
and the relative importance of each variable is computed.
Out of this setup, the Friedman rank test was performed
over 16 variables, which represent more than 1% of the
total variance. This reduced set is considered as the pairwise
computation with the full set is expensive. A Friedman
statistic of F = 165.84, which is distributed according
to chi-square with 15 degrees of freedom, obtains a p

value of 1.04e−10 with α = 0.05, which provides strong
evidence of the existence of significant differences between
the variables, which are ranked as shown in Table 2.

Figure 3a shows the dendrogram based on the rankings
from Friedman. It can be clearly seen that there are two
main groups which consist of the top four ranked variables
by importance and the remaining ones. As Friedman’s null
hypothesis was rejected, a post hoc procedure can be carried
out in order to check the differences between pairs of
variables.

The rejected hypotheses with α = 0.05 from the pairwise
comparison is shown in Table 3. As stated above, there is
no significant difference between the four most important
variables Σ

p

10, p1, Σh
180, and Σ

p

30, suggesting the first
cluster of variables shown in the dendrogram from Fig. 3a.
This means it is likely these variables alternate ranking
positions depending on the location as seen in Fig. 2. It
is noticeable that there is no evidence of the difference
between the group variables

{

p1, Σ
h
180, Σ

p

30

}

and {p2, p3}

Table 2 Rank of the 16 most important features computed by
averaging the rank of each variable importance for each year and
location

i Variable Ranking i Variable Ranking

1 Σ
p

10 3.219 9 p5 9.073

2 p1 5.073 10 Σ
p

90 10.024

3 Σ
p

30 5.591 11 p6 10.097

4 Σh
180 5.975 12 doy 10.170

5 p2 6.975 13 Σ
p
ytd 10.268

6 p3 7.878 14 Σw
90 10.804

7 Σs
180 8.487 15 Σs

30 11.487

8 p4 8.682 16 Σr
180 11.829

although there is significant evidence that Σ
p

10 is different
from p2 and p3 implying that

{

p1, Σ
h
180, Σ

p

30

}

has to be
different from {p2, p3}, according to the logical relation
between the combination of the hypotheses proposed by
Shaffer (1986).

Regarding other groups of variables, there is a statistical
evidence that p2 is different from Σs

30 and Σw
90 which

constitute the third cluster (Fig. 3a, top), and between p3 and
Σs

180, which also belongs to the third group. In summary, the
tests prove the existence of features which are more relevant
than others which are grouped according the three top levels
of the dendrogram in Fig. 3a. There is no evidence that
members of the same group differ from each other, which
means that variables from the same cluster might alternate
rank positions within the array of its constituent variables.

3.3 Predicting with a reduced set of variables

After verifying the statistical evidence of the relative
importance of the variables, we repeated the experiment in
Section 3.1 for two reduced set of variables selected from
the findings in Section 3.2. The two sets consist of the
15 (setup B) and the 5 (setup C) most important variables
from Friedman test, which are tested against the full set of
144 variables (setup A) from Section 3.1, in order to check
how the setup influences model performance in terms of
predictability and computational efficiency.

For each reduced set, 50 instances of a RF model were
trained to forecast one day-ahead Plantago concentrations
via the LOO cross-validation by years and observation
station . Execution times for a single instance of each
setup are 22.66, 17.08, and 11.86 s for setup A (144
variables), setup B (15 variables), and setup C (5 variables),
respectively.

By using the setup B of 15 variables, execution time
reduces by 25% per iteration while setup C (5 variables)
produces a substantial reduction of almost 50%. However,
the aim is to find a balanced setup which provides the
shortest execution times without an excessive impact in the
predictive performance of the models in terms of RMSE and
R2. Table 4 shows the performance metrics per location and
setup; it can be seen that setup A produces in average the
least accurate results with an RMSE equal to 4.80 compared
with 4.64 for both setups B and C, which clearly indicates
the benefits of reducing the number of variables both in
terms of accuracy and computational performance. Having a
close look at the locations, reducing the number of variables
to 5 (C) produces mixed results when compared with setup B
being the performance dependent on the location and, in any
case, the error increases or decreases in a relatively small
amount when both setups are compared.

It is clear that there is a consistent improvement on
the errors across locations when a reduced set of variables
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Fig. 3 a Dendrogram based on
Friedman’s ranks. b
Combinations of 5 variables
tested by clusters and groups
used in Section 3.4. nCk

represents the combination of a
subset of length k selected from
a set of n variables being k ≤ n
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Table 3 Pairwise rejected hypothesis at α = 0.05 with unadjusted p

value and adjusted Holm and Shaffer p values

i Hypothesis p pholm pshaff

1 Σ
p

10 vs Σr
180 2.66e-16 3.19e-14 3.19e-14

2 Σ
p

10 vs Σs
30 3.74e-15 4.46e-13 3.93e-13

3 Σw
90 vs Σ

p

10 5.44e-13 6.42e-11 5.72e-11

4 Σ
p

10 vs Σ
p
ytd 2.04e-11 2.38e-09 2.14e-09

5 doy vs Σ
p

10 3.83e-11 4.44e-09 4.02e-09

6 Σ
p

10 vs p6 6.11e-11 7.02e-09 6.41e-09

7 Σ
p

90 vs Σ
p

10 9.70e-11 1.11e-08 1.02e-08

8 p1 vs Σr
180 1.32e-10 1.49e-08 1.38e-08

9 Σs
30 vs p1 1.06e-09 1.19e-07 1.11e-07

10 Σ
p

30 vs Σr
180 2.27e-08 2.52e-06 2.38e-06

11 Σ
p

10 vs p5 2.59e-08 2.85e-06 2.72e-06

12 Σh
180 vs Σr

180 2.59e-08 2.85e-06 2.72e-06

13 Σw
90 vs p1 5.01e-08 5.41e-06 5.26e-06

14 Σ
p

30 vs Σs
30 1.40e-07 1.50e-05 1.47e-05

15 Σs
30 vs Σh

180 1.59e-07 1.68e-05 1.67e-05

16 Σ
p

10 vs p4 2.04e-07 2.14e-05 2.14e-05

17 Σ
p

10 vs Σs
180 5.44e-07 5.66e-05 5.00e-05

18 p1 vs Σ
p
ytd 7.79e-07 8.02e-05 7.17e-05

19 doy vs p1 1.25e-06 1.27e-04 1.15e-04

20 p6 vs p1 1.77e-06 1.79e-04 1.63e-04

21 Σ
p

90 vs p1 2.49e-06 2.49e-04 2.29e-04

22 p2 vs Σr
180 3.91e-06 3.88e-04 3.60e-04

23 Σw
90 vs Σ

p

30 3.91e-06 3.88e-04 3.60e-04

24 Σw
90 vs Σh

180 4.38e-06 4.24e-04 4.03e-04

25 Σ
p

10 vs p 3 9.41e-06 9.03e-04 8.66e-04

26 p2 vs Σs
30 1.78e-05 0.00 0.00

27 Σ
p

30 vs Σ
p
ytd 4.03e-05 0.00 0.00

28 Σh
180 vs Σ

p
ytd 4.46e-05 0.00 0.00

29 doy vs Σ
p

30 6.00e-05 0.01 0.01

30 doy vs Σh
180 6.62e-05 0.01 0.01

31 Σ
p

30 vs p6 8.04e-05 0.01 0.01

32 p6 vs Σh
180 8.85e-05 0.01 0.01

33 Σ
p

90 vs Σ
p

30 1.07e-04 0.01 0.01

34 Σ
p

90 vs Σh
180 1.18e-04 0.01 0.01

35 p1 vs p5 1.42e-04 0.01 0.01

36 Σr
180 vs p 3 1.72e-04 0.01 0.01

37 p2 vs Σw
90 2.71e-04 0.02 0.02

38 p2 vs Σ
p

10 3.54e-04 0.03 0.03

39 p4 vs p1 5.97e-04 0.05 0.05

(setups B and C) are used, compared with the full set.
This provides evidence about the convenience of ignoring
redundant or noisy variables, which eases the predictive
capability of the model. However, this gain is not shown in
the R2 measure, which obtains as an average of 60% in setup
A compared with 60% in setup B and 55% in setup C. Given
the similarity of results between choosing 5 or 15 variables,

Table 4 Average RMSE in grains/m3 and R2 of the forecasted test
years studied at each location

Station RMSEA RMSEB RMSEC R2
A R2

B R2
C

Alcalá 5.75 5.69 5.80 0.58 0.54 0.51

Alcobendas 6.64 6.39 6.10 0.66 0.62 0.58

Aranjuez 3.83 3.76 3.81 0.54 0.51 0.49

Farmacia 3.71 3.63 3.63 0.67 0.65 0.59

Getafe 5.58 5.50 5.68 0.65 0.62 0.59

Leganés 5.48 5.15 5.11 0.59 0.64 0.52

Villalba 2.79 2.36 2.20 0.52 0.59 0.55

Average 4.82 4.64 4.64 0.60 0.60 0.55

there is still an open question on how to improve setup C,
which is objectively more convenient in terms of execution,
on those locations where it is less accurate than setup B.

On the other hand, through a close examination of the
results, we have identified some difficulties of the model
in capturing sudden peak pollen concentrations over 100
grains/m3 as can be seen in Fig. 4. Concretely, this sudden
extreme peaks increase RMSE to 10.06 grains/m3 at the
Faculty of Pharmacy (Farmacia) in 2013, while year 2009
produces a RMSE = 2.27 grains/m3. The reduced amount
of observed data with these characteristics explains the
difficulties of the model to identify the inner behavior
of the data when forecasting. However, this situation can
be mitigated by limiting airborne concentration levels,
imposing a threshold which substitutes the data points above
it (Navares and Aznarte 2016a). This limit should be related
to the concentration levels which are considered to be risky
for human health; for instance, symptoms appear over 30
grains/m3 in Finland and Croatia (Peternel et al. 2005;
Rantio-Lehtimäki et al. 1991), while in Spain, the first
symptoms are observed at 25 grains/m3 (Rodrı́guez-Rajo
et al. 1983).
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Fig. 4 Forecast (solid line) and observed (dashed) pollen concentra-
tion values for two years in the Faculty of Pharmacy (Farmacia)
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3.4 Optimizing predictions with reduced sets
of variables

In Section 3.3 we left an open question about how the setup
C, consisting of 5 variables, can be improved, knowing it is
the optimal configuration in terms of execution time and that
it does not significantly differ in accuracy from setup B (15
variables). Concretely, the following question is relevant: is
there a subset of 5 variables out of the 15 most important
variables which outperform setup B accuracies?

Although random forests are known to be in general
robust against overfitting, in the presence of correlated
features, strong features can obtain low scores and the
method can be indeed biased towards certain variables. For
this reason, the experiment in Section 3.1 was repeated
with a reduced set of 5 variables selected from the
results obtained in the nonparametric test from Section 3.2.
However, Fig. 3a showed that the 15 most important
variables showed a cluster structure based on the results of
Friedman test, which leads to the aforementioned question.
The idea here is to use the cluster structure to find
combinations of the 15 variables of setup B taken in groups
of 5 which minimize the model’s RMSE.

Of course, there are 3003 possible combinations of 15
variables taken in groups of 5, and this represents a high
burden of executions of the experiment if one wants to
explore them all. Thus, we propose to limit the number of
combinations in such a way that the cluster structure, and
the possible interactions between variables from different
clusters, is taken into account. Taking as a reference setup
C which includes the 5 most important variables, the idea
is to step by step increase the presence of variables with
lower importance by replacement in the original setup C.
Hence, a first group includes the 4 most important variables
from setup C while the fifth variable is replaced by one
from cluster #2. This is done a number of times equal
to the number of variables in cluster #2, resulting in the
execution of 7 models as the second cluster contains 7
variables. The second group reduces the representation of
the first cluster to 3 variables and increments the number
of variables selected from cluster #2 to 2. The number of
models executed is equal to the number of combinations

resulting from taking 3 variables from cluster #1 and 2
variables from cluster #2 (always keeping 5 as the total
number of variables). This logic is followed for subsequent
groups selecting the correspondent number of combined
variables per cluster as summarized in Fig. 3b.

As shown above, based on the pairwise comparison
test, 3 clusters were obtained as in Fig. 3a. Cluster #1
contains the 4 most important variables, cluster #2 the next 7
variables in importance, and cluster #3 the last 4. Notice we
excluded the least important variable from cluster #3 (Σs

180)
for direct comparison with setup B of 15 variables. Given the
restrictions mentioned, the groups of combinations explored
are those shown in Fig. 3b.

In that figure, nCk = (
n
k

) = n!
k!(n−k)! , being n the total

number of variables belonging to a cluster and k the number
of selected variables of the same cluster. The best results
obtained are shown in Table 5 along with the reference
benchmark, that is, represented by the best performing setup
from Section 3.3 in terms of accuracy (RMSE).

The results obtained support the initial statement of this
section about producing biased models when variables are
selected regarding only importance, as this rules out the
consideration that they might be related to each other.
Increasing the richness of the variable selection space, in
terms of including candidates from less important clusters
according to Friedman test, and consequently with statistical
evidence of differences, produces an increase of accuracy
across all locations. Table 5 shows that including at least
2 variables from cluster #2 or cluster #3 or both increases
accuracy by an average of 4%, with the largest increase of
7% in Getafe. Most of the improved results were obtained
from groups 3 and 4, which include combinations of
variables extracted from all the clusters considered, thus
diversifying the distribution of importances and avoiding
redundancies among the top-ranked variables.

4 Discussion

Automatic feature selection has been gaining relevance
in computer sciences and statistics since the end of last
century, when specific issues were published in specialized

Table 5 Comparison of the
benchmark RMSE in grains/m3

obtained from the best setup in
Section 3.3 with the best
performing combination along
with its constituent variables
and the test group they belong

Station Benchmark RMSEbest Group # Cluster #1 Cluster #2 Cluster #3

Alcalá 5.69 (B) 5.67 4 {p1, Σh
180} {p2, p5} Σr

180

Alcobendas 6.10 (C) 5.73 4 {Σp

10,p1} {p3, p4} p6

Aranjuez 3.76 (B) 3.65 4 {Σp

10,p1} {p2, p4} Σs
30

Farmacia 3.63 (C) 3.49 3 {Σp

10,p1, Σ
h
180} {p5} Σr

180

Getafe 5.50 (B) 5.11 4 {Σp

10,p1} {p4, p5} Σr
180

Leganés 5.11 (C) 4.95 3 {Σp

10,p1, Σ
h
180} {p4} Σs

30

Villalba 2.20 (C) 2.20 4 {Σp

10,p1} {p2, p5} p6
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journals, including many related papers (Blum and Langley
1997; Kohavi and John 1997). Numerous approaches and
extended literature exist on the topic (Bolón-Canedo et al.
2013), and there is no widespread agreement on a so-
called ”best method” as the solution is always domain
and problem specific. In this paper, we used the Friedman
nonparametric hypothesis test to support the conclusions
about our proposal selected as well as to provide statistical
evidence of the results.

As seen in Section 3, using the proposed approach makes
it possible to identify the most important variables for
one day-ahead airborne pollen concentrations forecasting.
Variable ranks obtained from the model (shown in Fig. 2)
are consistent with the rank-based nonparametric hypothesis
test, which provides statistical evidence of the findings
without any a priori assumption about the influence of each
climate or phenological feature.

The different geographical locations considered in the
study, which do not share the same climatic conditions,
prove the generalization abilites of the proposed approach,
which obtain stable variable ranks across the observation
stations. The dendrogram in Fig. 3a shows the expected
rank interchangeability among variables which belong to the
same cluster, being these clusters corroborated by a pairwise
comparison post hoc procedure, which provides statistical
evidence of the difference between pairs of variables.

Our approach identifies the previous day pollen observa-
tion and 10- and 30-day cumulative daily concentrations as
the most important features in one day-ahead pollen forecast.
In phenological studies, these features have been previ-
ously proved to serve as an indicator of the state of the
plant (Ribeiro et al. 2007; Smith and Emberlin 2006). From
the point of view of time series analysis, previous day
pollen observation is generally found to be a relevant vari-
able (Astray et al. 2016; Iglesias-Otero et al. 2015; Levetin
2014). Notwithstanding, there is weak evidence that 10-day
cumulative sum has a tendency to be the most influential
as it is the only variable in the top-ranked cluster which is
clearly set aside from the variables of next group (composed
by two- and three-day past pollen observations).

Along with these three variables, the model identifies
previous 180-day relative humidity accumulation as one of
the most influential features which is also in accordance
with the findings in Jones and Harrison (2004), Levetin
(2014), and Rodrı́guez-Rajo et al. (2004), as it promotes
plant growth during the development state and mitigates
pollen spread during release phase of the plant. Further-
more, relative humidity has more effect on airborne pollen
concentrations compared with 180-day rainfall accumula-
tion which is shown in cluster # 3 (Fig. 3a). This result
is inline with previous studies which show non signifi-
cant correlation between pollen concentrations and rain-
fall (Bartková-Scevková 2003) while humidity shows a

significant effect. Pollen grains release allergen due to
hydration which it becomes more intense before rainfalls
(Grote et al. 2001).

Even though Barnes et al. (2001) show a higher influence
of heavy rains on pollen concentrations when intradaily
measured only daily pollen counts were available for this
study, consequently, it was not possible to detemine intraday
strong weather conditions changes which have effects on
pollen concentrations (Barnes et al. 2001). For instance,
sporadic short heavy rains followed by long dry periods
within the day does not considerably change daily pollen
counts (Bartková-Scevková 2003).

The sensitivity analysis presented by Puc (2012) indi-
cates that the most influential variables to predict airborne
pollen concentrations are maximum daily temperature and
humidity, being minimum daily temperature ranked the least
influential. Since only daily average temperatures were used
in this proposal, there is a mitigation effect in terms of
maximun daily temperature influence. However, cumula-
tive solar radiation appears among the top most important
features computed (Table 2). A positive radiative forcing
involves climate warming and, as a result, an increase of
temperatures (Leanh and Rind 1998).

In Section 3.3, we applied three configurations based
on three sets of variables selected by importance from the
rankings. The results from setups B and C outperform the
initial model with 144 variables. This implies that removing
redundant or irrelevant features tend to improve model
performance both in accuracy and execution time. Given
the parity of results of these setups and to reduce model
complexity, in Section 3.4, we tested different combinations
of 5 variables selected among the 15 most important (setup
B). This mitigates redundancies among variables which do
not significantly differ according to Friedman test and, as
a result, improves both model accuracy and performance
(measured in execution time).

The accuracy of the results are comparable with other
studies such as Iglesias-Otero et al. (2015), who reports a
R2 of 0.66 compared to 0.60 in setup B and an average
of 0.55 from the experiments in Section 3.4. We believe
that optimizing the number of variables to select, instead
the arbitrary 5 or 15, would improve this metric. However,
Iglesias-Otero et al. (2015) used artificial neural networks,
which require substantial data preprocessing as the inputs
shall be limited when the number of training instances is not
large enough, increasing the number of assumptions to be
taken a priori. Not only does RF mitigate these drawbacks,
but also is considered more robust against overfitting.

When compared to similar algorithms, our proposal
outperforms the most accurate regression model among
those proposed by Csépe et al. (2014) which achieves a
RMSE of 28.26 using an implementation of regression trees.
With a RMSE of 4.17, RF reduces the estimation variance
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(and consequently the prediction error) due to the bagging
technique. Also, averaging the results through the LOO
approach provides more sound and general results compared
with predefined test sets, whose results rely on the specific
characteristics of the years selected.

The proposal presented in this paper has immediate
practical application as it is able to identify the top-ranked
variables producing satisfactory results. However, there are
some drawbacks which deserve further investigation: (1)
model error increases with the appearance of sudden high
concentrations levels, concretely those over 100 grains/m3,
given the reduced number of observations of this type.
However, this situation is persistent in most approaches
found in the literature. This circumstance can be addressed
by limiting the observations without altering the practicality
of the model by setting meaningful thresholds (Navares and
Aznarte 2016a, 2017). For instance, Rodrı́guez-Rajo et al.
(1983) conclude that first allergy symptoms in Spain are
reported over the risk threshold of 25 grains/m3, which
could be used as threshold. (2) There is an open question
about the number of variables which guarantee optimal
results.

In summary, we have presented statistical evidence that
the approach proposed in this paper identifies the most
important variables without any a priori assumptions over
their influence. Removing redundant and irrelevant features
improve model accuracy, being setup C with 5 variables
the best performer among the subset tested and producing
satisfactory results. Including a diverse subset of variables
avoid biased results due to the mitigation of redundancies,
thus improving the accuracy of the model.

5 Conclusions

The present study introduces a feature selection approach
for forecasting airborne pollen concentrations. Statistical
evidence of the consistency in identifying the most
important features is provided through nonparametric
hypothesis testing, using as a case study a one day-ahead
forecast of Plantago airborne concentrations in the region
of Madrid.

The results indicate that the proposed approach is a
valid and efficient way to rank independent variables in
the task of airborne pollen time series prediction. Precisely,
we have determinated that the cumulative sums of recent
pollen concentrations along with previous days pollen
observations are among the most important features. This
represents a data-driven confirmation of main findings from
phenological studies. Also, the influence of cumulative
daily relative humidity was shown as an important factor
during plant formation and pollen release state, which

coincides with the conclusions of previous researches based
on the influence of meteorological variables.

Furthermore, from this ranking of variables, it has been
shown how it is possible to build new, more parsimonious
models which produce better results than benchmark
approaches: by selecting the best set of independent
variables, we achieved a 3.5% average improvement across
locations with an average 50% reduction in execution times.
This effect, due to the elimination of redundancies and
irrelevant features, is to be expected in any regression
technique using the same set of variables, and, as shown, is
the main strength of our proposal when compared with other
techniques.

Acknowledgments The authors would like to thank Patricia Cervigón
(Comunidad de Madrid) and Montserrat Gutiérrez Bustillo (Universi-
dad Complutense de Madrid) for his assistance in obtaining the data
for this study.

References

Andersen TB (1991) A model to predict the beginning of the pollen
season. Grana 30:269–275
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