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centrations) over large regions and demonstrates its performance for birch in Northern and North-Eastern Europe. A
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Norway, where the lack of data did not allow for conclusive analysis. The constructedmodelwas capable of predicting
theSPIwith correlation coefficient reachingup to0.9 for somestations, odds ratio is infinitelyhigh for 50%of sites inside
the region and the fraction of prediction fallingwithin factor of 2 from observations, stayswithin 40–70%. In particular,
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1. Introduction

One of the most-important parameters quantifying the strength of
an allergenic pollen season is a Seasonal Pollen Index, SPI, which is de-
fined as a sum of all daily-mean pollen concentrations, i.e. a season-
long integral of pollen concentrations. It was related to severity of
human allergy (Bastl et al., 2016; D'Amato et al., 2007; Huynen et al.,
2003), used as an indicator of the productivity of trees, such as olives
(Galán et al., 2014; Myszkowska, 2013; Orlandi et al., 2005; Oteros
et al., 2013; Prasad and Craufurd, 1999), as well as predictive parameter
for the wine (Cunha and Ribeiro, 2015) or olives (Dhiab et al., 2016)
production and as a bio indicator of plant reaction to the on-going cli-
mate change (Hatfield and Prueger, 2015; Hedhly et al., 2009; Storkey
et al., 2014; Zhang et al., 2014). Apart from that, the SPI is used in nu-
merous pollen forecasting models as a scaling factor determining the
predicted pollen concentrations (Helbig et al., 2004; Prank et al., 2013;
Puc, 2012; Ranta et al., 2008; Ritenberga et al., 2016; Siljamo et al.,
2012; Sofiev et al., 2012; Stach et al., 2008; Toro et al., 1998;
Veriankaitė et al., 2009; Zhang et al., 2013; Ziello et al., 2012).

The SPI is known to change substantially from year to year depend-
ing on combination of meteorological factors and physiology of the
plant (Masaka, 2001; Ranta and Satri, 2007), see also a review of Dahl
et al. (2013). Such variability, for some trees (e.g., birch), exhibits a
quasi-bi-annual behaviour (a strong year is followed by a weak one
and vice versa), which however, is broken in some years (Dahl and
Strandhede, 1996; Detandt and Nolard, 2000; Grewling et al., 2012;
Hättestrand et al., 2008; Jato et al., 2007; Latałowa et al., 2002). This be-
haviour was attributed by Dahl and Strandhede (1996) to a combina-
tion of meteorological and physiological factors, who suggested that
neither meteorology nor the innate biannual behaviour is decisive, but
rather a combination of both. Indeed, since catkin development is ex-
pensive, their abundance takes a large toll of carbohydrates from the an-
nual shoot and impedes the expansion of leaves, thus limiting the
amount of photosynthesis products available for development of the
next year catkins. This cycle can be interrupted if weather is, for in-
stance, strongly favourable allowing the smaller leaves to assimilate ef-
ficiently. Then flowering can be strong for two years in a row.

The same variability tends to occur synchronously in several plants,
such as birch, alder and hazel, and over large regions (Ranta and Satri,
2007; Šaulienė et al., 2014). Such synchronization also suggests strong
influence of meteorology as the only common factor for different plants
distributed over large areas.

Apart from the strong inter-annual variability, several wind pollinat-
ed trees, such as birch, olives, oak, etc. have positive long-term trend of
the SPI (Garcia-Mozo et al., 2014; Yli-Panula et al., 2009; Prank et al.,
2013; Severova and Volkova, 2016; Spieksma et al., 2003, 1995).
These trends were attributed to changing climatic conditions and/or to
increasing abundance of the plants. Among measurable indicators of
these factors, one can consider the growing level of CO2 in the atmo-
sphere and trends in the regional leaf area index. Thus, several studies
showed that with higher level of CO2, plants tend to produce more pol-
len (Ladeau and Clark, 2006; Zhang et al., 2015; Ziska et al., 2001; Ziska
and Beggs, 2012).

Among themeteorological factors affecting the intensity of the trees
flowering, temperature and precipitation amount of the preceding year
are the most-commonly mentioned (Yli-Panula et al., 2009). One can
therefore expect that the regional synchronization of the SPI behaviour
takes place at least at synoptic scale, i.e. 102–103 km and this very scale
should be considered when developing models for the SPI. However,
most of studies consider it at shorter scales using one or few closely-
located sites (Corden et al., 2002; Dahl and Strandhede, 1996;
Grewling et al., 2012; Severova and Volkova, 2016).

Many of the above studies completed the analysis of the SPI inter-
annual behaviour with statistical models aiming at predicting the
next-year SPI using the previous-year SPI and meteorology. The proce-
dure of constructing such models usually started from log- or square-
root (sqrt-) transform of the SPI followed by multi-linear regression
fitting. The input parameters usually included in the analysis are mean
temperature of various time intervals (one study took heat sum over
certain periods) and the previous-year SPI. However, no systematic
pre-processing of the input parameters was performed, and all models
were built for individual locations, even if the study was considering
several sites.

The current study addresses the above-outlined omissions and aims
at construction of a predictive model for birch SPI over large regions in
Europe. We will propose a simple procedure for delineating such areas
and build the model for the northern region.
2. The working hypotheses

We assume that the SPI is a regional parameter determined by the
synoptic-scale meteorological processes, i.e. a few hundreds of
kilometres. It should therefore be possible to identify the regions that
react synchronously and demonstrate similar patterns of the SPI year-
to-year variations. The corresponding temporal scale is from several
days up to 1–2 weeks – this will be the maximum temporal resolution
of the input data, i.e. we shall not be interested in individual meteoro-
logical events.

Secondly, absolute values of the SPI are of essentially no importance:
they are decided by vegetation density in proximity to the station,
which is a static parameter. Therefore, spatial and temporal variations
inside these regions are separable.

With the above assumptions, it should be possible to construct a sta-
tistical model for the SPI variation over these regions taken as “boxes”,
i.e. not resolving individual stations but taking each region as a single
entity with the normalised SPI averaged over the region.
3. Materials and methods

3.1. Study area

The study was focused over the region between the latitudes 50°N
and 70°N and longitudes from 5°E to 40°E, Birch pollen data from 15
aerobiological sites were included in the analysis.

The analysed region has moderate maritime climate with cold win-
ters andmoderate summers. Birch fraction reaches up to 30% of the total
forest coverage (see maps in (Ritenberga et al., 2016; Sofiev et al.,
2006)).
3.2. Airborne pollen concentrations

Birch pollen data were extracted from the database of European
Aeroallergen Network (EAN). Pollen sampling was performed using
Burkard or Lanzoni 7-days volumetric trap (Hirst, 1954). Pollen
was identified with optical microscopy, using country-specific
(random, vertical, horizontal traverses) counting technique but
generally following the aerobiological standards (Galán et al.,
2014). For each year, the SPI was computed as an integral of
concentrations over the whole observed period. The length of time
series varied from station to station, reaching 40 years (1974–
2015) for a few sites. The varying length of observations created
evident challenges for processing and interpretation of the obtained
results. However, under the assumption of internal homogeneity of
the SPI variation within the region, verified in the next section, all
stations are normalised and averaged into the regional mean, thus
reducing the problem to a different sampling volume in different
years. Additionally, all time series shorter than 11 years were filtered
out (Table 1). No other thinning of the dataset was possible due to
the limited number of sites (15, as shown in Table 1 and Fig. 1).
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3.3. Meteorological data, CO2 and LAI

Awide list of parameters potentially governing the regional birch SPI
was created based on literature analysis and general considerations.

3.3.1. Meteorological information
The most-frequently mentioned meteorological factors influencing

the seasonal pollen index are temperature and precipitation rates
(Dahl and Strandhede, 1996; Yli-Panula et al., 2009; Latałowa et al.,
2002). It was decided to use also related parameters, such as solar
short wave radiation and accumulated heat amount (heat sum), with
care taken against mutual correlation of these parameters as descried
in the next section. The meteorological data were taken from the
European Re-analysis ERA-Interim dataset (Dee et al., 2011; Simmons
et al., 2010). Temporal resolution of the data was 3 h with spatial grid
of 0.72° × 0.72°. The meteorological data covered the period from
1980 to 2015, which thus limited the analysed period to these
36 years. As seen from Table 1, the sampling network of the region
was limited during 1980s to 4 locations, expanding over 10 sites only
after 2000.

Heat sum (1) is calculated from daily mean temperature following
the approach of the SILAMmodel (Sofiev et al., 2012), which suitability
for local-scale computations was confirmed by modelling in Riga
(Ritenberga et al., 2016).

H dð Þ ¼
XD

d¼ds

T dð Þ−Tc−o

h i
þ

ð1Þ

Here,H is temperature sum (heat sum),with units of degree day (C°/
day); d is the day of H calculation; ds – starting day of the heat accumu-
lation – 1st ofMarch in this case; T(d) – daily temperature, °C; Tc-o – cut-
off temperature (temperatures below this threshold are not summed
up), °C, [x]+ is the function that equals 0 for x b 0 and 1 for x ≥ 0 (it ex-
cludes the temperatures below the cut-off level).

The same cut-off temperature of 3.5 °C was used for the heat sum
calculations for all monitoring sites in the region (Sofiev et al., 2012),
justification for accepting a value of 3.5 °C is described by Ritenberga
et al. (2016) and Siljamo et al. (2012).
Table 1
Availability of birch pollen data for analysis of Northern, North-Eastern Europe regional data se
3.3.2. Leaf area index
Leaf area index (LAI)was included in the data analysis as one of pos-

sible predictors for the SPI. It was hypothesised that there could be a re-
lationship (straight or inverse) between the annual production of pollen
and the LAI. An indirect support of this consideration is that the pollen
data are used for the LAI reconstruction in palynological studies
(Williams et al., 2008). Data of the LAI were taken from a global reanal-
ysis of the vegetation phenology (Stckli et al., 2011), which contains
daily 1°×1° LAI maps for the whole study period. For our purposes,
they were aggregated to monthly level.

3.3.3. Carbon dioxide
Carbon dioxide (CO2) is one of the factors, possibly influencing the

annual amount of pollen from various taxa (Albertine et al., 2014). Car-
bon dioxide has a well-expressed positive trend during at least last
40 years, somewhat resembling the trends in the birch pollen abun-
dance. The CO2 data used for the analysis were downloaded from the
NOAA Earth System Research Laboratory (ESRL) public archive (Ed
Dlugokencky and Pieter Tans, NOAA/ESRL (www.esrl.noaa.gov/gmd/
ccgg/trends/) for the years from 1980 to 2015.

3.3.4. Seasonal pollen index
The SPI (Y-1) of the preceding year was included to account for the

plant state and behaviour in the past.

4. Model construction

4.1. Region selection

The SPI time series observed at EAN stations with N11 years of data
(taken both fromwithin the target region and from the stations outside)
were correlated with each other and clustered with regard to the pair-
wise correlation coefficient r. Despite not satisfying the rigorous defini-
tion of distance, this parameter has two vital features: (i) it does not de-
pend on absolute SPI values at the stations, and (ii) it is of correct
monotonicity, i.e. shows the stations with similar inter-annual varia-
tions as close ones.

The clustering procedure also requires definition of the reference
point, against which all other stations are positioned. We used the
Turku station in Finland, which: (i) possesses one of the longest time
t sites (grey - data available; black - data suitable for analysis).

http://www.esrl.noaa.gov/gmd/ccgg/trends/)
http://www.esrl.noaa.gov/gmd/ccgg/trends/)


Fig. 1.Amap of station characteristics for theNorthern, North-Eastern Europe regional cluster. Color represents the geometricalmean of the SPI, the dot size is proportional to the length of
the time series, provided in Table 1.
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series in EAN fully covering the study period, (ii) is conveniently located
in the middle of the region with comparatively dense pollen network,
(iii) shows strong SPI variability, (iv) shows high absolute birch pollen
concentrations, thus making the problem important from allergological
point of view, (v) is located in the climate-sensitive area: the tempera-
ture rise in Finland due to climate change ismuch higher than the global
average (Hartmann et al., 2013), which can have its fingerprints in the
SPI trends.

The correlationmatrix was analysed and only site pairs with r N 0.85
and p b 0.01 were retained in the cluster (Table 2). The resulting cluster
of stations, hereinafter referred as the Northern, North-Eastern Europe
regional data set, included aerobiological stations of Finland (Helsinki
(FIHELS), Kangasala (FIKANG), Kuopio (FIKUOP), Oulu (FIOULU),
Rovaniemi (FIROVA), Turku (FITURKU), Vaasa (FIVAAS)), Lithuania
(Klaipeda (LTKALI), Siauliai (LTSIAU), Vilnius (LTVILN)), Latvia (Riga
(LVRIGA)), Belarus (Minsk (BYMINS)), Sweden (Stockholm (SESTOC),
Table 2
Correlation matrix of SPI for the Northern, North-Eastern Europe regional data set.

BYMINS FIHELS FIKANG FIKUOP FIOULU FIROVA FITURK

BYMINS 1 0.66 0.95 0.61 0.74 0.84 0.8
FIHELS 1 0.91 0.87 0.90 0.83 0.93
FIKANG 1 0.92 0.91 0.84 0.96
FIKUOP 1 0.85 0.85 0.76
FIOULU 1 0.89 0.8
FIROVA 1 0.90
FITURK 1
FIVAAS
LTKLAI
LTSIAU
LTVILN
LVRIGA
SEMALM
SENORR
SESTOC
SEVAES
Malmö (SEMALM), Vaestervik (SEVAES)), totally 15 stations with
N11 years of data (Fig. 1). Long- term observations are available from
Finland (data from 7 stations) and Sweden (3 stations), whereas the
stations from Belarus, Lithuania, and Latvia have from 11 up to
20 years of data.

As a result of this procedure, the area of the region for analysis gets
clear: it covers the above countries and possibly extends further to the
east, where no stations are available all the way down to Moscow,
which is outside the cluster. Western border is also somewhat unclear:
in Norway, only NOTRON in central part of the country satisfies the re-
quirement on the time series length – and is outside the cluster, proba-
bly because of strong dominance of Atlantic Ocean in the weather
pattern.

As shown in Table 1, sampling of the region evolves with time, with
its southern part practically not represented in early years. However,
the existing time series are sufficient for establishing the statistically
FIVAAS LTKLAI LTSIAU LTVILN LVRIGA SEMALM SESTOC SEVAES

0.69 0.78 0.70 0.69 0.49 0.79 0.87 0.95
0.89 0.91 0.97 0.89 0.83 0.87 0.85 0.69
0.79 0.99 0.78 0.97 0.67 0.80 0.92 0.84
0.86 0.87 0.91 0.88 0.94 0.75 0.77 0.66
0.79 0.94 0.86 0.95 0.83 0.78 0.79 0.71
0.81 0.82 0.79 0.80 0.80 0.73 0.77 0.75
0.92 0.86 0.89 0.86 0.79 0.84 0.86 0.85
1 0.86 0.94 0.85 0.87 0.67 0.83 0.74

1 0.96 0.96 0.82 0.92 0.94 0.79
1 0.94 0.85 0.88 0.89 0.72

1 0.83 0.91 0.93 0.78
1 0.60 0.70 0.57

1 0.82 0.72
0.91 0.78
1 0.93

1
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significant high correlation between all sites in the region, which jus-
tifies the consideration of the “regional mean SPI variability”, unified
over the whole period. The next section describes the transformations
used to obtain the single 36-years-long regional time series set for fur-
ther analysis.

4.2. Target variable transformation: Normalization of the SPI distribution,
regionalization

The raw pollen data have several features, whichmake construction
of an efficient statistical model problematic – see discussion in
Ritenberga et al. (2016). Integration over the season towards SPI re-
duces some of the problems, e.g., the non-stationarity of the time series.
However, several data pre-processing steps are still required prior to the
model construction.

The SPIi of each station i for the particular year Y should be normal-
ised with its multi-annual geometric mean SPIi

geomean taken over the
whole observed period of the station (represented by color in the Fig.
1), thus eliminating the dependence on local birch abundance andmak-
ing all sites within the region comparable (Fig. 2, panels a and b):

SPInormi Yð Þ ¼ SPIi Yð Þ
SPIgeomean

i

ð2Þ

Since the distribution density of the SPIi
norm is closer to log-normal

than to normal, we applied logarithmic transformation, finally arriving
at the deviation ΔSPIi

N(Y) of the normalised annual SPIi for each year Y
from its long-term geometric mean value (Fig. 2, panel c).

According to the working hypothesis supported by the correlation
analysis above, the same processes control the SPI behaviour at all sta-
tions within the selected region. Therefore, one should consider their
SPI series ΔSPIi

N(Y) as realizations of the single stochastic process –
the regional time series ΔSPIreg(Y), − which effective and unbiased es-
timation is arithmetic mean over the cluster.

4.3. Input data transformation

Upon turning the SPI time series into normally-distributed devia-
tions from the long-term mean levels, corresponding transformations
should be applied to the input data as well: they should be converted
into deviationswith near-normal distribution type, the approach analo-
gous to (Ritenberga et al., 2016) but with the SPI as the target variable.
Fig. 2. Transformation of the SPI observations for the stations
4.3.1. Selection of the time axis
According to the above-mentioned studies, onlymeteorological con-

ditions during specific phenological phases affect the next-year SPI. One
needs therefore to delineate the corresponding periods. Astronomical
time used in those studies is an inconvenient variable since it ignores
difference between the years and thus tends tomix-up the phenological
phases. It also ignores the difference in the flowering time across the re-
gion. Therefore, again following (Ritenberga et al., 2016) approach, we
selected the heat sum as the phenologically-relevant variable for the
time axis.

The challenge of the regional consideration is that even expressed
via heat sum, the phenological phases still occur at different moments:
the further to the north the less heat is needed for the season progres-
sion (Sofiev et al., 2012). To overcome this difficulty, we express the
time scale in % of the total heat accumulated during thewhole year, nor-
malised to its long-term mean value, at each station. Annual heat sum
differs by up to a factor of two between the aerobiological stationswith-
in the region, whereas, e.g., the heat sum threshold for flowering
expressed in relative terms is nearly constant - see (Supplementaryma-
terial 1 - “Annual_cumulative_heat_sum_in_2010”) of (Sofiev et al.,
2012) with the data source of ERA-Interim and degree day as unit. The
idea of this transformation goes back to (Linsser, 1867), who demon-
strated it for pine.

For the normalised heat sum, the year was split to 6 periods
representing different fractions of the annual heat sum: 0–0.05 (pre-
season before the flowering starts); 0.05–0.13 (flowering season); the
three post-season intervals: 0.13–0.25; 0.25–0.45; the whole post-
flowering period with shorter end 0.13–0.4; and the whole period
from start of heat sum accumulation until the end of active vegetation
was taken as a single time slot 0.0–0.45. The selection of the periods
was based on preliminary calculations of the heat scale for Turku and
Riga.

4.3.2. Conversion of the input meteorological data into deviations
The deviation of the regional ΔSPIreg(Y) from its long-term mean

should be related to the normalised meteorological variables, also
taken as deviations. The transformation was made station- and
variable- wise and included:

(i) calculation of variable deviation from the long-termmean value,
for each year, each site, during each of the above heat sum inter-
vals; Since this step does not involve pollen data there is no lim-
itations due to the data availability. The meteorological data are
taken from ERA-Interim and the whole period 1980–2015 is
used without omissions;
in the Northern, North-Eastern Europe regional data set.
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(ii) spatial averaging of deviations across the region, for each year. As
in the step (i), all years 1980–2015 were taken into consider-
ation. As a result, we obtain the regional set of predictors: region-
al deviations of the environmental parameters from their long-
term average, for each of the six heat sum intervals during each
year.

4.3.3. Physical parameters describing the long-term trends
No transformations were applied to of CO2 and LAI in order to pre-

serve their properties: CO2 has a well-expressed trend during the last
40 years and LAI reflects the annual changes in the vegetation of the re-
gion (Supplementary material 2, Supplementary material 3). Both pa-
rameters monthly data were simply averaged for each year.

4.4. Construction of predictive SPI model

Very limited size of the dataset (only one regional time series com-
prised of 15 individual time series of varying length) did not allow split-
ting the stations to learning and control datasets. Therefore, the
regional-model coefficients were obtained using bootstrap method
and multi linear regression (MLR).

At the first step, MLR was made against a complete set of meteoro-
logical parameters listed above, taken for all 6 time intervals during
the year Y (the year to predict) and the year Y-1 (previous year), in
order to identify statistically significant predictors. Expectedly, predic-
tors from the previous year Y-1 showed larger influence on the SPI of
the year Y than those from the year Y. From 21 predictors (6 different
periods for temperature, solar radiation, precipitation; CO2; LAI; SPI –
all for the year Y-1), the following parameters from Y-1were identified
as potentially useful:

– precipitation Pr0.13 for the period 0.13–0.25 of the annual heat sum
accumulation

– temperature T0.13 for the period 0.13–0.25, of the annual heat sum
accumulation

– temperature T0.25 for the period 0.25 to 0.45 of the annual heat sum
accumulation

– short wave solar radiation SW0 for the period from 0 to 0.05 of the
annual heat sum accumulation

– SPIY-1
– CO2 Y-1

All further analysis uses only these 6 parameters.
The bootstrap included 15 iterations, one for each of 15 station

datasets withheld from both regional SPI and regional meteorological
averaging. The SPI data and meteorological parameters for the remain-
ing stations were averaged over the region. After that, the multilinear
regression was calculated obtaining the model coefficients for the re-
gional time series with one site excluded.

The fitting coefficients were averaged across the iterations, finally
obtaining themean regression coefficients and their standard deviation.

The procedure was repeated with and without previous-year SPIY-1
in the list of possible predictors.

5. Results: models for SPI in Northern, North-Eastern Europe

5.1. Model with meteo-only input

During the data analysis, we realized that it is possible to build the
model using only available meteorological data and the trend-
describing variable CO2,Y-1. This opportunity allows predicting the SPI
relative deviation from the long-term mean knowing neither this
mean level nor the previous-year SPI. The model becomes detached
from the SPI observations and applicable also in places with no aerobi-
ological observations whatsoever.
The regional formula for ΔSPIreg(Y) of the year Y based on meteoro-
logical data and data of CO2 of the previous year Y-1 is:

ΔSPIreg Yð Þ ¼ a0 þ aCO2CO2;Y−1 þ aprPr0:13 þ aswsw0 þ aT0:13T0:13
þ aT0:25T0:25 ð3Þ

Themean values of the intercept a0 and other coefficients are shown
in Table 3, first row.

The obtainedmodel is not perfect (see evaluation section) but its in-
dependence from pollen observations makes it a very important instru-
ment for assessment of the SPI variability.

5.2. Model with full set of variables; accounting for the different statistical
significance

Adding SPIY-1 as a predictor significantly increases the quality of the
model. The final formula includes the same meteorological parameters
as the meteo-only model, CO2 and SPI from the previous year (Table 3,
second row).

There are two parameters of Eq. (3) with noticeably lower statistical
significance than the others (p-value 0.05–0.1): precipitation Pr and
T0.25. Their importance was evaluated by removing them from the
data set and constructing the model based only on predictors of high
statistical significance (Table 3, last row).

5.3. Evaluation of the constructed models

The evaluation of the three models of the Table 3 followed several
pathways and was performed for both entire region (i.e. the learning
dataset) and for each station in the cluster. There are several parameters
used for the evaluation, including both “standard” statistics and
threshold-based ones. Efficiency of the standard statistics was however
hampered by the limited size of the dataset and strongly non-normal
distribution of the values. The evaluation approach also took into ac-
count the way these models will be applied: for forecasting the next-
year SPI, in particular determining whether it will be high or low year
and for forecasting the absolute SPI needed for the modelling.

5.3.1. Statistics over the whole observed periods
We consider: (i) Odds Ratio (OR, Fig. 3a) as a measure of differenti-

ating between the high- and low- seasons, (ii)Model Accuracy (MA, Fig.
3b) and (iii) a fraction of the SPI predictions that fall within the factor 2
from the observations (F2, Fig. 3c).

Behaviour of individual stations inside the region differs somewhat
but the regional formula tends to work better for the stations with lon-
ger time series, i.e. those, which contributed mostly to the model iden-
tification (Turku, Kuopio, etc.). The limited size of the dataset and high
scores of the models resulted in just few cases of the predictions being
wrong. For several sites, the low-high differentiation appeared always
correct during the observed years. The sample OR for such sites is infi-
nitely high, shown as OR = 30 in Fig. 3a.

The fraction of the predictions falling within the factor of 2 from ab-
solute observations (F2, Fig. 3c) allowed formulating the static
persistence-based estimate: the mean SPI at each station (yellow bars
in Fig. 3c). The F2 generally stays within 40%–70% being lower only
close to the southern edge of the domain. Similarly to other qualitymea-
sures, the full-parameters and significant-only models showed the
highest F2 levels, with meteo-only model staying somewhat behind.
The suggested models demonstrated similar or better skills than the
persistence approach. One can also see that the northern-most sites
FIKEVO and FIROVA tend to be exceptional: at FIROVA, themeteorolog-
ical information alonewas sufficient for good predictions, while FIKEVO
was the only site with the highest skills showed by the persistence ap-
proach. The reasons for the unusual behaviour of the models are
discussed in the next section.



Table 3
Coefficients (with standard deviation) for regional formula of SPI forecast based on SPI−1, CO2 and meteorological set.

a0 aCO2 aPr asw aT0.13 aT0.25 aSPI

Only meteo and CO2 −2
(±8 × 10−1)

5 × 10−3

(±2 × 10−3)
6 × 10−2

(±7 × 10−3)
2 × 10−5

(±6 × 10−7)
3 × 10−1

(±3 × 10−2)
3 × 10−1

(±3 × 10−2)
–

All predictors −4
(±7 × 10−1)

9 × 10−3

(±1 × 10−3)
−5 × 10−2

(±5 × 10−3)
2 × 10−5

(±7 × 10−6)
2 × 10−1

(±1 × 10−2)
1 × 10−1

(±1 × 10−2
−5 × 10−1

(±3 × 10−2)
Only highly significant predictors −4

(±7 × 10−1)
9 × 10−3

(±9 × 10−3)
– 2 × 10−5

(±7 × 10−6)
2 × 10−1

(±1 × 10−2)
– −5 × 10−1

(±3 × 10−2)

– was not included in model.
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5.3.2. Prediction for 2016
The year 2016 was not included into the model fitting, thus serving

for additional, albeit limited, evaluation mimicking the way the model
will actually be used: to forecast the next-season severity. The predic-
tions of themodels for this year are shown in Fig. 4 (blue, red and yellow
columns) together with the long-term mean for each station (shaded
area, geometric mean of observed SPI at the site over al years available)
and the observed SPI in 2016 (dark green columns). A few stationswere
excluded from the analysis: FIHELSwasmoved a few km inland from its
historical location, thus making absolute-SPI analysis impossible,
whereas the data of FIKANG were not available.

As one can see, 2016 was mostly high-or-normal year over the re-
gion: low SPI was recorded only at SEMALM (south-western edge of
the region) and LTKLAI (southern edge, near the coast). The meteo-
only model was predominantly suggesting moderately-low year,
whereas the models including the previous-year SPI suggested high
year, in agreement with the observations. The long-term average was
a worse predictor than the full-parameters models but evidently was a
better than the meteo-only model at the sites where that one predicted
low season.

6. Discussion

The primary goal of the studywas to build the unifiedmodel suitable
for applications over large regions, thus demonstrating the feasibility of
spatial generalization of the SPI predictions using large-scale meteoro-
logical features as the controlling parameters. As pointed out in the in-
troduction, the bulk of previous studies concentrated on a single or a
few closely-located stations.

The second principal difference of the suggested approach is that we
applied a series of non-linear transformations of the input data and
changed the governing variable from time to normalised heat sum.
These transformations aimed at two targets: (i) sharply reduce the
year-to-year variability of temperature accumulation, thus making the
seasonal propagation and flower/leaves/seed maturation curves similar
for all years; (ii) eliminate also the spatial variability of these curves,
thus making them similar for all locations over the considered domain.
After that, construction of the predictive models followed standard pro-
cedures for multi-component optimal model fitting.

6.1. Comparison with other approaches

Since the suggested models are first in their class, direct comparison
with published studies is quite difficult. However, certain conclusions
can be derived. The most-direct comparison is possible with the study
of (Ranta and Satri, 2007), who built three local models for Turku, Kuo-
pio and Oulu stations. Temporal correlation of these models however
trails significantly behind the current unified model: it was 0.59 vs
0.82 for Turku and 0.61 vs 0.77 in Oulu. Only in Kuopio, both models
scored to 0.65. The most-probable reason for the higher scores of the
current approach is the more comprehensive set of transformations of
the data before applying regression.

Similar predicting capacity to that of (Ranta and Satri, 2007) was re-
ported by (Dahl and Strandhede, 1996) but direct comparison is not
possible due to sqrt-transformed values reported in that paper. An im-
portant difference of that work was that the predictors were taken as
heat sums rather than mean temperature over some period, which po-
tentially can further improve the model accuracy.

Quite high correlations of the local SPI and several meteorological
drivers were reported for Poznan by (Grewling et al., 2012) but no pre-
dictive model were built. The authors also pointed out that they found
no parameters capable of explaining the break points in the bi-annual
cycle. This study has succeeded but Poznan is outside the current region
and the developed models are not directly applicable there.

6.2. Selection of input parameters

Among the parameters influencing the SPI, the northern part of
Europe is mostly limited by the available heat and solar radiation, so it
is not surprising that heat is themost important predictor for our region
(Table 3). This is supported by very high scores of themodel in the north
of Finland (up to 90%, Fig. 5) and also pointed out by (Ranta et al., 2005).
In the south of Europe the stress will probably shift towards water and
nutrient availability (Dahl et al., 2013), with Central Europe being argu-
ably the most-difficult to model.

A noticeable degradation of the model skills at the northern-most
site FIKEVO is probably caused by the ignored pollen atmospheric trans-
port. Indeed, the characteristic level of the SPI in that region is much
lower than in Central Finland and Russia, which makes the local pollen
production less important than the impact of the long-distance trans-
port. The transport contribution was estimated by (Sofiev, 2016), who
showed that the transport-induced SPI variability grows sharply to-
wards remote regions. This points out at a certain shortcut of the current
approach: the developedmodels should predict the total amount of pol-
len released from catkins rather than the observed concentrations. The
proportionality of these two quantities is not exact and is disturbed by
both local pollen dispersion conditions and by the long-range transport
(Sofiev, 2016). Averaged over thewhole season, the disturbance is com-
paratively small in the self-polluting regions but can be large if strong
remote sources affect the area. The other possible explanation is the ge-
netic differentiation between the birches in far north (mainly Betula
nana) and other parts of the domain. The significance of such differenti-
ation was shown for olives by (Chuine and Belmonte, 2004).

6.2.1. Meteo only model
An intriguing feature of the current approach differentiating it from

the previous studies is that it had produced a comparatively well-
performing model using only meteorological parameters without any
reference to the previous-year pollen observations. This is a confirma-
tion of theworking hypothesis:meteorology alone controls a large frac-
tion of the SPI variability, synchronously over the whole region.

Performance of the meteo-only model still trails behind the full-
input model, thus suggesting that the biological processes also signifi-
cantly contribute to the SPI – in agreement with (Dahl and
Strandhede, 1996). In particular, the dynamic range of the SPI variability
is the largest in the observations, closely followed by the full-input
model, whereas the meteo-only model is more conservative (Fig. 5).
One can argue then that the plant response serves as an amplifier for
the meteorological signals. This also corroborates with conclusions of



Fig. 3. Statistics for the constructed models evaluation.
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the biological model (Dahl et al., 2013) that stressed the importance of
the combination of meteorological and biological parameters for ade-
quate next-season prediction.

Finally, the meteo-only model reproduces both the bi-annual cycle
and the years when it breaks down (Fig. 5), also strongly suggesting
that such behaviour of birch is at least inspired by the regional-scale
weather phenomena.

6.2.2. SPI only model
The second “simplified”model can be built using only SPI but taking

it from more than one preceding years. In-essence, it exploits the bi-
annual cycle as the foundation (Ranta et al., 2005; Ranta and Satri,
2007) but can, to a certain extent, adapt to several years without such
cycle in sight. In the Baltic countries and Southern Sweden (area 15°E,
25°E, 55°N, 65°N), the SPI correlation between forecasted year Y and
previous year (Y-1) is−0.47whereas the correlation between the fore-
casted Y and two years earlier birch SPI (Y-2) is 0.41. One of possible
ways to formalise the relations is the following:

ΔSPIreg Yð Þ ¼ ln bð Þ þ a ΔSPIreg Y−2ð Þ−ΔSPIreg Y−1ð Þ� � ð4Þ

Fitting the coefficients a and b for Finland (obs: not for thewhole re-
gion!), one obtains a = 0.21 and b = 0.97. The optimal a and b values
differ from area to area and country to country but b is usually around
1 and a varies between 0.1 and 0.3. Areas where mean SPI is low have
proven to be difficult. As a result, b = 1.0 and a = 0.21 may be taken
for the whole Europe, thus providing a rough screening algorithm for
the SPI predictions if a few years of pollen observations are available
but meteorological data are not straightforward to obtain (a rare
occasion).

Performance of the SPI-only model Eq. (4) is usually worse than the
scores of the meteo-only model – see examples for a few Finnish sta-
tions in (Fig. 5). An exception is the Vaasa station (Fig. 5), which is
one of the northern-most sites in the region. That far in the north, the
limitations of the plant productivity are the most-severe, so the
biology-related amplification of the external stress become so strong
that SPI itself contains sufficient amount of information to predict the
next-year flowering. As a result, both models that use SPI as (one of)
Fig. 4. Comparison of the predicted and observed SPI for the three models present
predictor(s) show very high correlation whereas meteo-only model
stays behind.

6.3. Possibilities for further generalization of the models

The suggested models were made for a large but still limited region
in the north of Europe. Since the climatic conditions and plant response
to the stress change gradually along north-south and west-east direc-
tions, the models score lower in Lithuania and southern Sweden (Fig.
6), which delineate the southern border of the region.

6.3.1. Performance outside the domain
Outside the region, themodel gives poor predictions if temporal cor-

relation is considered (Fig. 7) – but the low-high- season differentiation
is still very good (see OR ans MA, Fig. 3). The time series are still quite
good for the years with pronounced bi-annual cycle but large errors
show up when this cycle breaks down. Such “unusual” years also be-
come more frequent, especially in Brussels, where the bi-annual cycle
is practically non-existent. It indicates a presence of some un-
accounted factors, which control the SPI in temperate climate.

6.3.2. Steps towards European model
Considering the expansion of themodels, one needs to involve other

parameters, at least the amount of precipitation and winter-time chill-
ing. The principal difficulty will be that the interplay between the
governing processes will, most probably, be strongly non-linear and
non-additive. In-essence, this study covered the area where the rela-
tions between the governing parameters and the SPI arewell represent-
ed as linear and additive. Noteworthy, the SPI variations correlate
between different locations within the region but not with places out-
side of it. It again points out at non-linear dependencies of the SPI on
governing parameters if a wider region is considered.

At the current stage, there are two possibilities for constructing the
model for the whole Europe: (i) increase the number of parameters
and allow for strong non-linearities in the dependencies (possible, as
shown by Ritenberga et al., 2016), (ii) construct different model(s) for
Central and Eastern Europe as, for instance, done for the olive season
timing forecasting by (Aguilera et al., 2014). Each approach has its
pros and contras.
ed in Table 3 in 2016 (∑pollen/year m−3), a) – full data set; b) low SPI sites.



Fig. 5. Comparison of the three models for Finnish stations. Panel: a) Turku; b) Kangasala; c) Helsinki; d) Vaasa.
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The first approach, being clearly preferable from the user standpoint,
faces a wide variety of interplay of the governing parameters, which
have to be identified and quantified. For instance, lack of chilling can
both reduce the SPI and shift the season (Hänninen, 1990), whereas
very cold winters may have no effect at all (saturation above certain
threshold, (Hänninen, 1990)), provoke more intense flowering and
seeding (reproduction push), or damage some trees and reduce SPI for
Fig. 6.Model performance in Lithuania (Siauliai) (left-hand pan
several years (damage of the habitat). These and other processes can
dominate or be negligible depending on climatic zones, so that their
unified consideration will be cumbersome. Finally, expansion will re-
quire different treatment of meteorology since the area will be much
larger than the synoptic scale, i.e. the homogeneity assumptionwith re-
gard to the meteorological input will no longer be valid.
el) and southern Sweden (Vaestervik) (right-hand panel).



Fig. 7. Examples of the model performance outside the identified region: Brussels (left-hand panel) and Moscow (right-hand panel).
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The multi-model approach, albeit being easier in each region, leads
to discontinuities of the parameterizations at the borders of the delin-
eated areas, where also none of the models is good. Therefore, it can
be recommended only as an intermediate step revealing the governing
parameters in each region and suggesting their (linearized) relations,
which are then used for development of the unified model.

7. Conclusions

Wedemonstrated that the inter-annual variability of the birch seasonal
pollen index SPI is synchronized over large regions of Europe significant
correlations at the distances associated with the synoptic spatial scale.

A predictive model was constructed for the region covering Finland,
Sweden, and Baltic States, part of Belarus, and, probably, part of Russia
and Norway, where the lack of data did not allow for conclusive
analysis.

Three models were constructed based on: (i) previous-year meteo-
rology and CO2, (ii) several previous years of the SPI, (iii) combination
of the previous-year meteorology, CO2 and the SPI.

The best-performing model based on combination of the meteoro-
logical and aerobiological data from the preceding years showed corre-
lation coefficient reaching up to 0.9 and successfully reproduced both
bi-annual cycle of the SPI as well as the years when this cycle breaks
down. Odds ratio is infinitely high for 50% of sites inside the region
and the fraction of prediction falling within factor of 2 from observa-
tions, stays within 40–70%.

Meteo-only model also showed remarkably good prediction skills,
which allow its usage in the areaswith sparse or nopollen observational
network. The model captured the bi-annual cycles and its breaking
years, which highlights the key role of meteorology in formation of
this cycle. The dynamic range of the variations is however under-
stated by this model, pointing out the importance of the plant response
to the meteorological stress.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2017.09.061.
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