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• A new data-driven approach to fore-
cast airborne pollen concentrations is
presented.

• The relative importance of variables
is estimated and used to build the
models.

• The assumption-free findings are
coherent with previous phenological-
based results.

• Non-parametric hypothesis testing
confirms the statistical validity of the
results.

• A reduced set of important variables
renders more simple and accurate
models.
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A B S T R A C T

In this paper, the problem of predicting future concentrations of airborne pollen is solved through a com-
putational intelligence data-driven approach. The proposed method is able to identify the most important
variables among those considered by other authors (mainly recent pollen concentrations and weather
parameters), without any prior assumptions about the phenological relevance of the variables. Furthermore,
an inferential procedure based on non-parametric hypothesis testing is presented to provide statistical
evidence of the results, which are coherent to the literature and outperform previous proposals in terms
of accuracy. The study is built upon Poaceae airborne pollen concentrations recorded in seven different
locations across the Spanish province of Madrid.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

The ability to anticipate future values of pollen concentrations in
the air is crucial both for the allergic population, which can use pre-
dictions to foresee and adapt their needs concerning their outdoor
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presence, and for clinical institutions and public health organisms,
which can prearrange resources before a predicted future outburst
of pollen-related affections occurs. Many authors have faced the
pollen forecasting problem in the last decades, with approaches that
range from numerical models as SILAM (Sofiev et al., 2013), clas-
sic statistical time series analysis such as multivariate regression
and nonlinear models (Cotos-Yáñez et al., 2004; Rodríguez-Rajo et
al., 2004; Tassan-Mazzocco et al., 2015), to machine learning and
computational intelligence, for example artificial neural networks
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(Astray et al., 2016; Aznarte et al., 2007; Iglesias-Otero et
al., 2015). Other approaches use numerical method to forecast
pollen dispersions based on operational weather forecasts such as
COSMO-ART (Vogel et al., 2008) or HYSPLIT (de Water et al., 2003).

However, there is a common underlying question which is
independent of the chosen approach: which past information should
be used when forecasting future values of pollen concentrations?
For example, in univariate time series analysis, the models try
to extract information from the past behaviour of just the pollen
concentrations data (Aznarte et al., 2007). Of course, botany tells
us that meteorology plays a crucial role in the development of the
plants and hence in the pollen emission, and thus many authors
have included meteorological variables in their models. In fact, there
are studies about the influential factors in the growth state of plant
buds (and, consequently, airborne pollen atmospheric concentra-
tions) based on a phenological point of view (Cannell and Smith,
1983; Kmenta et al., 2016; Ribeiro et al., 2007; Smith and Emberlin,
2006), or based on the relation with climate conditions (Andersen,
1991; Pauling et al., 2014; Rodríguez-Rajo et al., 1983), or both. How-
ever, there is no consensus over which meteorological variables are
more relevant.

For example, some studies employ meteorological daily data in
order to forecast pollen concentrations, such as previous daily pre-
cipitation (Castellano-Méndez et al., 2005; Iglesias-Otero et al., 2015)
or the relative humidity, wind speed and radiation upon the surface
(Jones and Harrison, 2004). Others prefer the use of autoregressive
indices, as, for example, thermal indices during plant formation sea-
son, in order to capture climatological information prior to pollen
emission (Andersen, 1991; Myszkowska, 2014; Otero et al., 2013;
Pauling et al., 2014). Some studies combine both approaches by using
daily data and cumulative meteorological indices (Matyasovszky et
al., 2015) researching the relationships between past and current
weather conditions and current pollen levels (Deák et al., 2013),
assuming that the timing of flowering is mostly driven by the accu-
mulated temperature during a certain time period as the pollen
release model in SILAM (Sofiev et al., 2013).

On the other hand, automatic feature selection is an impor-
tant research field in computational intelligence. Feature selection
techniques are used, among other reasons, to simplify the mod-
els in order to make them more interpretable and to shorten the
training times. The idea behind automatic feature selection is that
usually the data contains many features that are either redundant or
irrelevant, and can thus be removed without incurring much loss of
information.

An alternative to feature selection for pollen forecasting is factor
analysis (Deák et al., 2013; Matyasovszky et al., 2015), which tries
to find a latent representation of the observed variables that is
good at explaining it. This technique can be used, for example, to
avoid collinearity among the variables which might influence the
predictive capability of the model. Given RF is robust enough against
multicollinearity, its application would be sufficient to approach the
problem.

The objective of this paper is to apply an automatic feature
selection procedure to pollen forecasting, and validate it through
statistical inference. By avoiding any a priori assumptions about the
importance of the variables, neither based on the phenology of the
plant nor on meteorological considerations nor on derived indices,
we expect to question other author’s assumptions and to provide
new insight on the predictive power of the different available vari-
ables. Statistical inference through a nonparametric ranking-based
statistical test (Friedman, 1937), along with a pairwise variable
comparison in a post-hoc procedure, will allow to soundly establish
the validity of the results.

As a case study, we chose to work on Poaceae airborne pollen
concentrations in the Madrid region. Poaceae is the largest fam-
ily of monocotyledonous flowering plants known as grasses and is

considered to be one of the most important aeroallergens in Europe
(Sánchez-Mesa et al., 2003). Poaceae pollen not only is one of the
most prolific in Madrid but also is known to be one of the most
aggressive, accounting 94% of positive reaction in patients (Subiza
et al., 1995). The increase of allergy cases and the severity of the
reactions (de Weger et al., 2013) motivates the need for prediction of
Poaceae concentrations.

2. Materials and methods

2.1. Data description

Daily Poaceae airborne concentrations were provided by Red
Palinológica de la Comunidad de Madrid and were obtained follow-
ing the standard methodology of the Spanish Aerobiological Network
(Galán Soldevilla et al., 2007). They are measured in grains per cubic
meter of air. The observations come from 7 locations around the
region of Madrid (Alcalá de Henares, Alcobendas, Aranjuez, Faculty of
Pharmacy of Complutense University of Madrid, Getafe, Leganés and
Villalba) and span periods that go from 2000 to 2013. Fig. 1 shows
the location of the measuring stations.

On the other hand, we used weather observations consisting
of average daily temperature in Celsius degrees, solar radiation in
W/m2, wind speed measured in m/s, daily rainfall in mm/h, pressure
in mbar and degree of humidity in percentage. Data sets for loca-
tions Alcalá de Henares, Alcobendas, Aranjuez, Getafe and Leganés
consist of 5 years of observations from 2005 to 2009. At the Faculty of
Pharmacy data is available from 2001 to 2013 while in Villalba only
three years are available starting 2007 to 2009 as shown in Fig. 2.

The geography of the Autonomous Community of Madrid pro-
vides several peculiarities given the locations studied. Villalba, which
is located at 903 m above the sea level, has a mountain climate
with a yearly average temperature of 10–11◦C and a yearly average
rainfall of 1250–1500 mm. As opposed to Villalba, Aranjuez has
an elevation of 495 m above the sea level with an average yearly
temperature above 13◦C and a yearly average rainfall below than
400 mm. The remaining locations consist of metropolitan areas
located between 594 and 668 m above the sea level.
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Fig. 1. Location of weather and pollen stations.
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Fig. 2. Years available per observation station.

Very few missing data points were observed in the meteorologi-
cal series so these were directly linearly interpolated to fill the gaps.
On the other hand, pollen series contain missing observations in a
priori critical months as February, March and April. In general, during
these months pollen concentrations are meant to increase, thus the
missing data is regressed within each year and across the years.

2.2. Features

In the pollen forecasting literature, the common approach is
to include a set of independent variables which contain as much
relevant information as possible. However, the core idea presented
in this paper is to consider all the variables used by previous studies
and compute a measure of variable importance to establish which
set of independent variables are the most influential.

It is assumed that previous cumulative pollen observations serve
as a proxy of the state of the plant (Ribeiro et al., 2007; Smith
and Emberlin, 2006) and are considered as an indicator of plant
development. Accordingly, cumulative sum of pollen concentra-
tions within the year is included as an independent variable, along
with the 10 and 30-day cumulative sums. As well, the presence
of an autocorrelative pattern in the pollen time series suggests
that previous daily concentrations have an influence in present
values (Aznarte et al., 2007). In order to capture this inner relation
between lagged airborne daily concentrations, previous single daily
observations up to a week are also considered.

Weather conditions play a major role in determining the severity
and length of the pollination season, as they are directly responsible
for increases and decreases of the airborne pollen concentrations
through its effect on the plants. The growth state of the buds is
assumed to be linearly related to the amount of energy a plant
has received (Cannell and Smith, 1983). This energy is usually
represented by the sum of temperatures up to some point (Andersen,
1991; Cannell and Smith, 1983; Rodríguez-Rajo et al., 1983). Other
recent studies (Pauling et al., 2014) introduce the concept of chilling
temperatures and forcing temperatures instead, as they constitute a
more optimal parameterization to represent the energy absorbed by
the plants. Forcing temperatures are defined as the weighted sum of
temperatures above a certain level for a fixed period:

Fsum(d) =
d∑

i=d−n

Rforc(i), (1)

where

Rforc(i) =

{
0 ifT(i) < Tforc

T(i) − Tforc ifT(i) ≥ Tforc
, (2)

being d the forecast date, n the number of days which define the
calculation period for the sum of forcing temperatures, T(i) the
temperature for day i, and Tforc the base temperature for forcing fixed
at 8 ◦C. The same applies for chilling temperatures, but computing
the temperatures below the threshold of 6 ◦C. To allow for more
flexibility, our study does not predefine the chilling and forcing

periods, but chilling and forcing temperatures are calculated by
accumulation of 30, 90 and 180 days prior to the forecast date.

Sudden rainfall during the pollination cleans the air, washing
pollen concentrations away, whereas wind speed contributes to
pollen dispersion (Palacios et al., 2000), motivating the selection
of the prior 7 daily raw data observations for these two variables.
Conversely, rainy and humid periods prior to bloom is known to
boost plant development when combined with sunny days. Thus, as
was the case for chilling/forcing temperatures, the cumulative sums
of 30, 90 and 180 days prior to the forecasting date are considered
for rainfall and wind.

This leads to the availability of a total of 79 features as detailed
in Table 1, to which we added a dummy variable which represents
the day of the year. This makes 144 features which are distributed
in a matrix corresponding to the desired forecast horizon. In order
to train the model for a forecast horizon of t = 1 (one day-ahead
forecast), vectors of the form (x1,t , . . . , x144,t|yt+1) where t is the time
in which the forecast is done.

2.3. Random forests for regression

In the last years, there has been a growing interest in ensemble
learning which aggregates the results of several independent models
selected to boost their predictive performance. A well-known
method is called bagging or bootstrap aggregating, proposed by
Breiman (1996). Subsequently, Breiman (2001) presented a model
called random forests (RF) which adds an additional layer of
randomness to bagging providing robustness against overfitting with
a limited number of parameters. These two characteristics favor RF
against other computational intelligence methods such as neural
networks.

The procedure combines several randomized regression trees
generated over sample fractions of the data, and aggregates their
prediction by averaging. This averaging process mitigates the influ-
ence of outlier data points giving RF advantage over other common

Table 1
Summary of features generated by variable.

i S10 MAi S360 S30 S90 S180 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

i: previous i ∈ [1, 7] day observation.
S10: previous 10-day cumulative sum.
MAi: max and min i-days moving average i ∈ {5, 15}.
S360: year to date cumulative sum.
S30: previous month cumulative sum.
S90: previous 90-day cumulative sum.
S180: previous 180-day cumulative sum.
Std: previous 15days standard deviation.
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methods as support vector regression, which are highly sensitive in
presence of outliers. As opposed to classification trees, the optimal
split condition is the variance, which at the same time, is used to
compute a measure of the importance of the independent variables.

The importance of a variable is estimated by measuring the
increases in prediction error or variance when data from that
variable is randomly permuted while the rest are left unchanged.
The underlying idea is that if the variable is not important, then
rearranging the values of that variable will not degrade predic-
tion accuracy. For each tree, the prediction error is recorded before
and after the permutation, the difference between both errors is
averaged over all trees and normalized, thus providing the relative
importances. The bigger the difference, the higher the importance of
the permuted variable.

In order to check the performance of the forecasts, a general
purpose error metric for numerical predictions as root mean squared
error (RMSE), defined by Eq. (3), was used along with the coefficient
of determination R2, which indicates the proportion of variance of
the observed data was predicted.

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2, (3)

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. Non-parametric hypothesis testing

Deciding if a variable is a better predictor than other is not a trivial
task. Even if a measure of variable importance can be computed,
it is not sufficient to evaluate it in a single case. In this work, we
use statistical inference to investigate, in proper significance terms,
which variables can be considered better than others.

When comparing a set of variables, the common statistical
method for testing the differences between more than two related
sample means is the repeated-measures ANOVA. Unfortunately,
parametric hypothesis tests are based on assumptions such as
normality or symmetry of the data distribution (Demšar, 2006).
These assumptions are likely to be violated unless the data are well
conditioned. On the other hand, nonparametric tests, whose main
characteristic is that they are applied over nominal or ordinal data,
are usually less restrictive (albeit also less robust). However, through
a ranking-based transformation, they can be applied to continuous
data.

The Friedman test (Friedman, 1937) is a multiple comparisons
test to detect significant differences between a set of at least two
samples. In our approach, the idea is to prove the existence of
features which are more important than others across the years
and the locations. The first step of the procedure is converting the
original computed variable importance for each year and location
to its correspondent rank within the set to obtain the average rank
Rj = 1

n

∑
ir

j
i (where j denotes the feature, i refers to each year and

location and n is the total number of pairs {location, year}). Then the
null hypothesis of equality of medians is tested through the statistic

F =
12n

k(k + 1)

⎡
⎣∑

j

R2
j − k(k + 1)2

4

⎤
⎦ , (4)

where k is the number of variables and F ∼ w2
k−1. This test only

allows to detect significant differences in the whole variable space
without comparing each one against each other. A conversion of
the rankings can be computed to obtain the p-value of each pair
(Conover, 1999). The main drawback is that these p-values are not
suitable for multiple comparison as the probability error of a certain

comparison, does not take into account the remaining comparisons
belonging to the family.

To overcome this limitation, it is needed to take into account
that multiple tests are conducted via adjusted p-values which can be
directly compared with a significance level a. A post-hoc test adjusts
the value of a when dealing with multiple comparisons. One of the
most commonly used of these adjustments is the Holm procedure
(Holm, 1979) which adjusts the value of a by ordering, from small-
est to largest, the p-values of each test. Then starting with the most
significant pi tests the hypothesis of Hi : pi > a/(k − i), being k he
total number of variables in our proposal. If Hi is rejected then allows
to test Hi+1 and so on.

An extension of Holm’s step-down method was proposed by
Shaffer (1986), which uses a logical relation between the combina-
tion of the hypotheses of all pairwise comparisons. For instance, if a
variable v1 is more/less important than v2, it is not possible that v1

is as important as v3 and v2 has the same importance as v3. Based
on this argument and following Holm’s method, instead of rejecting
Hi : pi ≤ a/(k− i), rejects Hi ≤ a/ti, being ti the maximum number of
hypotheses which can be true given the number of false hypotheses
in j ∈ {1, . . . , i}

In order to contrast the difference between the importance of two
variables we can use as an estimator the medians of the differences
of each computed variable importance across locations and years
(García et al., 2010). Being i the number of sets composed by each pair
{location, year}, the median of the difference of each pair of variables
Zvi ,vj is computed, then for each variable the average of the medians
where the variable is involved is calculated as follows:

mvi =

k∑
j=1

Zvi ,vj

k
, (5)

where k is the total number of variables. The estimator of each pair
of variables is defined as mvi − mvj , which provides how far a pair
variables are in terms of importance.

2.5. Experimental design

Algorithm 1. Prediction.

Algorithm 2. Nonparametric test.
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In order to study the importance of the different available
variables for pollen forecasting, the experiment is divided in three
parts. Firstly, we use the full set of variables to build models designed
to predict one day-ahead pollen concentrations for each location.
From these models, we obtain a first insight of the most important
variables in the different locations. Subsequently, in order to gener-
alize and verify if the average rankings of variables per location are
statistically significant, we apply statistical inference through non-
parametric tests applied to the importance obtained per location
and per year. Finally, we use the results of the hypothesis testing
process to compare the models, in terms of forecasting precision
and computational cost, with different subsets of the most important
variables.

The first part of the experiment faces the one day-ahead pollen
concentration forecasting problem in a standard fashion. By using
a leave-one-out setup, we split the series into training and testing
set at each location, saving one of the available years in each iter-
ation and training the models with the rest. Given that one year
can be seen in this case as one observation, and given the limited
amount of observations, the differences from other cross validation
techniques, such as 10-fold cross validation, are not expected to
be substantial. The process is summarized in Algorithm 1. Through
this cross validation approach, we obtain results which are more
independent of the particular characteristics of each year, in the form
of point-forecasts and estimates of the relative variable importances
for each location. From these estimates we expect to see already

some common patterns in the set of variables which are important
across the different locations.

However, in order to produce a more rigorous and general result,
independent from the location and the particular shape of the pollen
curve of each year, the second part of the experiment employs a
different partition of the data. The idea is distributing the impor-
tances resulting from the RF in a matrix of dimension N × M where
N represents each pair {location, year} present in the dataset and M
the available variables. Given the stochastic nature of RF, an iterative
approach was designed to avoid the likelihood of overfitting, the final
result consisting of the average of 50 instances of each model. Over
the resulting matrix a Friedman test is conducted to give evidence
on whether to proceed with the post-hoc analysis. This procedure is
outlined in Algorithm 2.

Finally, with the results of the statistical inference process, we
want to compare the forecasts obtained using the full set of variables
in the first part of the experiment with those obtained by using
reduced sets of only the most important ones. Precisely we chose to
select the 5 and the 15 most important variables.

3. Results

3.1. Predicting with all the variables

Firstly, we applied RF using a leave-one-out setup, building the
models with the full set of variables at our disposal. The models
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Fig. 3. Relative importance of the most important variables by location (variables are ordered by the sum of their importance across locations).
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Table 2
Average ranking of the 16 most important features.

i Variable Ranking i Variable Ranking

1 S
p
10 4.121 9 p5 8.682

2 p1 4.463 10 doy 8.682
3 p2 6.902 11 Sw

90 8.853
4 p3 6.829 12 p7 10.365
5 Sh

180 7.756 13 St
90 10.878

6 S
p
30 8.121 14 s3 11.048

7 p4 8.512 15 Ss
30 11.097

8 p6 8.658 16 MAt
5 12.195

were trained independently for all the years available at each
location, leaving one different year on each iteration as a test set. At
each location, the relative importance of the variables, averaged by
iteration and test sets, is obtained and shown in Fig. 3.

From this figure, it seems clear that the relation among the four
most important variables p1, Sp

10, p2 and p3 is maintained across
locations . In fact, the ordering of relative importances remains very
similar for all of them except for Villalba, where wind plays a much
more crucial role. At this location, the importance of daily wind speed
accumulated during 90 days prior the forecast date (Sw

90) accounts
for more than 3% of importance, which is much higher than in the
rest of locations. However, as we can see in Fig. 1, Villalba is the most
northern and western site. Furthermore, it is located in the Guadar-
rama mountains at 903 m above the sea level while for example
Aranjuez and Getafe have an elevation of 495 m and 622 m respec-
tively. The particular meteorological conditions of Villalba, related to
mountain climate, produce a higher correlation of wind with pollen
concentrations during the period of study. For instance, during those
years Sw

90 is correlated at 32.69% with the daily pollen concentration
in Villalba, while in the same period at Alcalá is 12.74% and a 8.64%
when the full study period (2005–2009) is considered. This explains
the increase in its importance at this location with respect to the
rest. Similar applies to S

pr
180, which also gains importance due to the

elevation, dropping average daily pressure and influencing flower
formation and consequently pollen release.

Notwithstanding, the rest of the patterns of variable importance
are quite stable across locations. Variable S

p
10 keeps the best rank

among them except for Farmacia, Villalba and Leganés, where its
position is exchanged with the second most important variable from
the test (p1). On the other hand, ranks for p2 and p3 are perfectly
maintained accross all locations as well as their relation to the top 2
ranked features.

3.2. Nonparametric tests to compare variable importance

As stated above, the relative importance of the variables
computed by location seems quite stable. However, in order to give
statistical evidence of the existence of features which are more
influential than others, a non-parametric test was used. To do so,
a RF model was trained, in this case for each location and for each
available year, and the relative importance for each variable was thus
computed. Given the large number of variables, the pairwise compu-
tation is expensive, hence in this case the hypothesis test is applied
on a reduced set of variables including those which represent more
than 1% of the total variance, which leaves us with 16 variables.

Out of this setup the Friedman statistic obtained is F = 148.09
which is distributed according to chi-square with 15 degrees of
freedom with a critical values of w2

15 = 24.99 at a = 0.05, lead-
ing to a computed p-value of 1.11e − 10, which strongly suggests
the existence of significant differences among the variables. Table 2
shows the average Friedman ranking of the variables.

Due to the fact that the null hypothesis for Friedman’s test is
rejected, a post-hoc test can be applied to detect the pairs which
produce the differences. Table 3 shows the contrast estimation of
medians of the importance in percentage, and it is noticeable how
p1 and S

p
10 obtain, respectively, an average of around 6% and 5.5%

more importance than other variables, supporting the conclusions
from Friedman’s test. These two variables are followed by p2 and p3

which outperform around 3% and 2.2%, respectively, the remaining
variables. On the other hand, MAt

5 achieves the lowest relative
importance across all stations and years.

Carrying out a post-hoc pairwise test will tell the evidence in the
differences among pairs of variables. Table 4 and Fig. 4 show the
rejected hypothesis (p-value ≤a) with a significance level of a =
0.05 for each compared pair. It can be seen how there is evidence
that Sp

10 and p1 significantly differ from most of the other variables,
although there is no evidence that they differ from each other. As
shown above, the contrast estimation and the ranks from Fried-
man indicate that these two variables retain the highest importance
among the whole set. Hence, there is statistical evidence that S

p
10

and p1 can be considered, in general, the most influential variables
regardless the year and location.

There also exists evidence of differences between p2 and p3 and
the group composed by {MAt

5, Ss
30, s3, St

90, p7} whose higher rank
is 10.36, separating the importance of these two variables from the
lowest ranked group in this study.

Table 4 does not show clear distinction between {Sp
10, p1} and

{p2, p3} but, referring to the logical relation between the combina-
tion of the pairwise hypotheses proposed by Shaffer (1986), there is

Table 3
Contrast estimation in %.

St
90 S

p
10 p6 doy Ss

30 p1 Sw
90 s3 p2 Sh

180 p4 p3 p5 MAt
5 p7 S

p
30

St
90 0.00 −5.45 −0.95 −0.64 −0.03 −5.98 −0.72 −0.09 −3.06 −1.51 −1.26 −2.21 −1.30 0.12 −0.71 −1.19

S
p
10 5.45 0.00 4.50 4.81 5.43 −0.52 4.73 5.36 2.39 3.94 4.20 3.24 4.15 5.57 4.74 4.26

p6 0.95 −4.50 0.00 0.31 0.92 −5.03 0.23 0.86 −2.11 −0.56 −0.31 −1.26 −0.35 1.07 0.24 −0.24
doy 0.64 −4.81 −0.31 0.00 0.62 −5.33 −0.07 0.55 −2.42 −0.87 −0.61 −1.57 −0.66 0.77 −0.07 −0.54
Ss

30 0.03 −5.43 −0.92 −0.62 0.00 −5.95 −0.69 −0.07 −3.04 −1.48 −1.23 −2.18 −1.28 0.15 −0.68 −1.16
p1 5.98 0.52 5.03 5.33 5.95 0.00 5.26 5.88 2.91 4.47 4.72 3.77 4.67 6.10 5.27 4.79
Sw

90 0.72 −4.73 −0.23 0.07 0.69 −5.26 0.00 0.62 −2.34 −0.79 −0.54 −1.49 −0.58 0.84 0.01 −0.47
s3 0.09 −5.36 −0.86 −0.55 0.07 −5.88 −0.62 0.00 −2.97 −1.42 −1.16 −2.12 −1.21 0.22 −0.62 −1.09
p2 3.06 −2.39 2.11 2.42 3.04 −2.91 2.34 2.97 0.00 1.55 1.81 0.85 1.76 3.19 2.35 1.87
Sh

180 1.51 −3.94 0.56 0.87 1.48 −4.47 0.79 1.42 −1.55 0.00 0.25 −0.70 0.21 1.63 0.80 0.32
p4 1.26 −4.20 0.31 0.61 1.23 −4.72 0.54 1.16 −1.81 −0.25 0.00 −0.95 −0.05 1.38 0.55 0.07
p3 2.21 −3.24 1.26 1.57 2.18 −3.77 1.49 2.12 −0.85 0.70 0.95 0.00 0.91 2.33 1.50 1.02
p5 1.30 −4.15 0.35 0.66 1.28 −4.67 0.58 1.21 −1.76 −0.21 0.05 −0.91 0.00 1.42 0.59 0.11
MAt

5 −0.12 −5.57 −1.07 −0.77 −0.15 −6.10 −0.84 −0.22 −3.19 −1.63 −1.38 −2.33 −1.42 0.00 −0.83 −1.31
p7 0.71 −4.74 −0.24 0.07 0.68 −5.27 −0.01 0.62 −2.35 −0.80 −0.55 −1.50 −0.59 0.83 0.00 −0.48
S

p
30 1.19 −4.26 0.24 0.54 1.16 −4.79 0.47 1.09 −1.87 −0.32 −0.07 −1.02 −0.11 1.31 0.48 0.00
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evidence of difference between S
p
10 and p1 and p4, something which

does not exist for p2 and p3. This leads to conclude that S
p
10 and p1

are more important than p4, but there is no evidence that p2 and p3

are more important than p4 so the conclusion is that Sp
10 and p1 are

more influential than p2 and p3.
In summary, the non-parametric tests prove the existence of

features which are more relevant than others. Among them, there
are groups of features which significantly differ from other groups,
while there is no statistical evidence of differences between group
members. This means that, within a group, it is expected that their
members maintain or alternate their ranks within the bounds of the
rank of the group. For instance, we have seen that S

p
10 and p1 dif-

fer from the rest of the variables but do not differ from one another,
constituting the top ranked group. As shown in Table 2, these vari-
ables have a Friedman’s rank of 4.121 and 4.463 respectively, which
is translated to position 1 and 2 in importance. It is expected that
S

p
10 and p1 maintain their correspondent position or that p1 takes

position 1, dragging S
p
10 to position 2 as they do not differ from each

other.

3.3. Predicting with reduced sets of variables

Once we investigated the relative importance of the variables
through statistical inference, we moved on to empirically verify how
does selecting a subset of the most important variables affect the
precision of the models and their computational efficiency.

In order to do so, we repeated the experiment in Section 3.1
for two reduced set of variables. First we selected the 15 variables
which were proven to be the most important according to the tests
of Section 3.2, and secondly we repeated the experiment reducing

Table 4
Pairwise rejected hypothesis at a = 0.05 with unadjusted p-value and adjusted Holm
and Shaffer p-values.

i Hypothesis p pholm pshaff

1 S
p
10 vs MAt

5 1.62e−14 1.94e−12 1.94e−12
2 p1 vs MAt

5 1.94e−13 2.31e−11 2.04e−11
3 S

p
10 vs Ss

30 3.27e−11 3.86e−09 3.43e−09
4 S

p
10 vs s3 4.47e−11 5.23e−09 4.70e−09

5 St
90 vs S

p
10 1.32e−10 1.53e−08 1.38e−08

6 Ss
30 vs p1 2.81e−10 3.23e−08 2.95e−08

7 p1 vs s3 3.78e−10 4.31e−08 3.97e−08
8 p2 vs MAt

5 5.09e−10 5.75e−08 5.34e−08
9 St

90 vs p1 1.06e−09 1.19e−07 1.11e−07
10 S

p
10 vs p7 2.89e−09 3.20e−07 3.03e−07

11 p1 vs p7 1.99e−08 2.18e−06 2.08e−06
12 Ss

30 vs p2 2.31e−07 2.52e−05 2.42e−05
13 s3 vs p2 2.96e−07 3.19e−05 3.11e−05
14 p3 vs MAt

5 4.82e−07 5.16e−05 5.06e−05
15 St

90 vs p2 6.91e−07 7.33e−05 7.26e−05
16 S

p
10 vs Sw

90 6.80e−06 0.00 0.00
17 p2 vs p7 7.58e−06 0.00 0.00
18 S

p
10 vs doy 1.44e−05 0.00 0.00

19 S
p
10 vs p5 1.44e−05 0.00 0.00

20 S
p
10 vs p6 1.60e−05 0.00 0.00

21 Sh
180 vs MAt

5 2.43e−05 0.00 0.00
22 S

p
10 vs p4 2.98e−05 0.00 0.00

23 p1 vs Sw
90 2.98e−05 0.00 0.00

24 doy vs p1 6.00e−05 0.01 0.01
25 p1 vs p5 6.00e−05 0.01 0.01
26 p6 vs p1 6.62e−05 0.01 0.01
27 Ss

30 vs p3 6.62e−05 0.01 0.01
28 s3 vs p3 8.04e−05 0.01 0.01
29 MAt

5 vs S
p
30 0.00 0.01 0.01

30 p1 vs p4 0.00 0.01 0.01
31 S

p
10 vs S

p
30 0.00 0.01 0.01

32 St
90 vs p3 0.00 0.01 0.01

33 p4 vs MAt
5 0.00 0.04 0.04

34 p1 vs S
p
30 0.00 0.04 0.04

35 S
p
10 vs Sh

180 0.00 0.05 0.04
36 p6 vs MAt

5 0.00 0.07 0.06

Fig. 4. Pairwise rejected hypothesis at a = 0.05 with adjusted Shaffer p-values. The
dots indicate pairs of variables which are not equally important.

the set to just the 5 most important variables. Then, for both reduced
sets and for each location, 50 instances of a RF model were trained
to produce one day-ahead forecasts. Again, the models were trained
through the LOO cross-validation approach by entire years.

The predictive performance of the models in terms of RMSE and
R2, for the setup using all variables (setup A), the reduced sets of
15 (setup B) and 5 (setup C) most important variables is shown in
Table 5. Their respective execution times (for a single instance) are
shown in Table 6.

From the study of both tables, we see that the reduction from
the setup A using 144 variables to just the 15 most important of
them (setup B) implies a reduction of almost a third of the execu-
tion time. Most importantly, models built with the reduced set of 15
variables yield better RMSE results in average (only in Alcobendas
there is a slightly worse error result). In terms of R2, both setups are
approximately equal. Therefore, a first conclusion is that removing
redundant non-important variables helps the models to converge to
better results.

Regarding setup C, which uses just the 5 most important vari-
ables, the execution time is cut to one half with respect to setup
A. However, the RMSE and R2 values are worst in average, which
indicates that such a reduced set is not enough to capture the inner
characteristics of the pollen time series. In other words, the reduction
leaves some important variables out, resulting in worse models.

By closely studying the results, we have identified a pattern which
could explain some of the difficulties of the model in capturing the

Table 5
Average RMSE and R2 of the test years studied at each location.

Station RMSEA RMSEB RMSEC R2
A R2

B R2
C

Alcalá 19.05 18.06 18.64 0.62 0.57 0.50
Alcobendas 15.42 15.57 14.99 0.70 0.68 0.59
Aranjuez 16.64 16.41 18.05 0.64 0.58 0.48
Farmacia 18.66 17.64 18.16 0.63 0.59 0.50
Getafe 16.34 16.11 21.87 0.69 0.70 0.49
Leganés 18.43 16.41 20.22 0.71 0.71 0.54
Villalba 17.46 16.43 20.61 0.58 0.69 0.55
Average 17.43 16.66 18.90 0.65 0.64 0.52
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Table 6
Average execution time (in seconds) for the models built using different subsets of
variables.

Setup # variables Time

A 144 29.00
B 15 20.29
C 5 14.75

inner behaviour of the data series. Precisely, the best performing
test year across locations (2007) obtain an average RMSE equal to
3.84 grains/m3, while the average RMSE in the worst performing
year (2010) goes up to 28.16 grains/m3. Concretely, this situation is
related to the usual appearance of sudden extreme pollen concentra-
tion peaks during the pollination season.

These findings indicate that the models consistently fail to forecast
the whole height of the peaks, producing an increase of the error:
the higher the peak, the bigger the error. Another example can be
seen in Fig. 5, where it is shown how, for the Alcobendas site in 2008,
there are a number of sudden peaks, which result in a high average
RMSE of 31.02 grains/m3, while, in 2007 for the same location, the
RMSE obtained was of 6.89 grains/m3. This is most probably related
to the lack of concentration peaks over 100 grains/m3 for that year.

Finally, further evidence of this can be obtained from Table 5,
were we can see that the model obtains low precision when
forecasting concentrations exceeding 150 grains/m3, as is the case
for the Faculty of Pharmacy (Farmacia) and Alcalá where peak
concentrations up to 400 grains/m3 were observed.

4. Discussion

As we have seen, there is statistical evidence of the existence
of relevant groups of variables when forecasting one day-ahead
airborne pollen concentrations. The proposed approach succeeds
in ranking and identifying these influential features, finding that
previous pollen daily observations and 10-day cumulative airborne
concentrations (which have both been proved to serve as indica-
tors of the state of development of the plant (Ribeiro et al., 2007;
Smith and Emberlin, 2006)) are the two top ranked features. These
results, entirely based on the data and free from a priori assump-
tions are supported by nonparametric hypothesis tests and post-hoc
procedures, and are coherent with previous phenological studies.
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Fig. 5. Forecast (solid line) and observed (dashed) pollen concentration values for two
years in the site of Alcobendas.

They have immediate practical application, as proven by the fact
that subsets of top-ranked variables produce better results while
reducing computational complexity.

However, the appearance of sudden high airborne concentrations
increases the error on the performance of the model, as it is not
able to capture extreme pollen levels given the limited amount of
observations of this class. This phenomenon is common to other
approaches, and could be investigated in the framework of the
extreme value theory. However, it does not seem to be a particu-
larly worrying issue, as the metric could be improved by limiting the
observed concentrations to avoid the high peaks without hampering
the usefulness of the proposal. For example, it could make sense to
impose an upper limit to the values of the series as in Navares and
Aznarte (2016). This limit should be related to the concentration lev-
els which are considered to be risky for human health, for instance,
symptoms are reported to 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 reported at 25 grains/m3

(Rodríguez-Rajo et al., 1983). Another option is to transform the data
into a logarithmic scale (or similar) as in Aznarte et al. (2007).

However, the results presented in this work are comparable in
terms of accuracy to other studies such as Iglesias-Otero et al. (2015),
which reports an average R2 of 0.66 compared to an average 0.65 in
our setup B with 15 variables. Furthermore, the approach proposed
by Iglesias-Otero et al. (2015) uses artificial neural networks (ANN)
which, as shown in the research, is strongly dependent on the config-
uration of the network. RF is considered as a more robust approach
to mitigate overfitting, limiting the assumptions to be taken by
the practitioner, avoiding decisions such as network structures and
requiring minimal preprocessing of the data. The same applies to
Astray et al. (2016) who achieves a RMSE of 22.56 on the best topol-
ogy of the ANN. In average, our models achieve an RMSE of 17.43
across all configurations, being the setup B with 15 variables the best
configuration: it obtains an RMSE of 16.66. These values clearly out-
perform the best regression models proposed by Csépe et al. (2014)
which achieves a RMSE of 28.26 on its best performing algorithm
(M5P), which is an implementation for regression trees. The bagging
technique used in RF gives an edge over M5P algorithm reducing esti-
mation variance and consequently prediction error. RF are relatively
complex in computational terms, hence the focus on variable selec-
tion, which has shown that setup B (15 variables) as the most optimal
among the configurations tested.

Additionally, the use of the LOO approach across multiple loca-
tions produces more generalized results as opposed to a predefined
test set, on which the results heavily rely on the specific characteris-
tics of the years selected to define the test set.

5. Conclusions

This paper presents a new approach to forecast airborne Poaceae
pollen concentrations in the region of Madrid by identifying the most
influential among the set of available variables. It provides statistical
evidence, through non-parametric hypothesis tests, of the benefits of
selecting the most influential variables for a one day-ahead forecast
horizon.

Concretely, from all the considered pollen and meteorological
variables, the data indicate that previous days pollen concentrations
and cumulative sums of recent pollen concentrations are among the
most important. They are followed by cumulative sums of humid-
ity and solar radiation. These findings support, from a pure data-
based point of view, the conclusions of previous phenology-based
studies.

However, the statistical significance of the results from a single
experiment are always to be questioned, and for this reason, in this
paper, a sound statistical procedure based on Friedman tests and
post-hoc analysis is used to support and validate the conclusions.
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Finally, the usefulness of the proposal is shown by training the
model with a reduced set of the most important variables, eliminat-
ing redundancies. This reduced model has been proven to increase
the accuracy while limiting the computational burden.

The results clearly outperform those obtained by other authors,
although there is still room for improvement and further research.
For example, the models have difficulties in predicting extremely
high concentrations, something that could be addressed by imposing
upper limits according to risk levels for allergy patients. Also, a sys-
tematic exploration of the different combinations that can be drawn
from the set of important variables should be studied, together with
the optimization of the trade-off between the number of variables
and the accuracy.
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