
ORIGINAL PAPER

Assessment of the daily ragweed pollen concentration
with previous-day meteorological variables using regression
and quantile regression analysis for Szeged, Hungary
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Abstract Time-varying parametric linear and time-

varying nonparametric regression models as well as a

time-varying nonparametric median regression model

are developed to predict the daily pollen concentration

for Szeged in Hungary using previous-day meteoro-

logical parameters and the daily pollen concentration.

The models are applied to rainy days and non-rainy

days, respectively. The most important predictor is the

previous-day pollen concentration level, and the only

other predictor retained by a stepwise regression

procedure is the daily mean global solar flux for rainy

days and the daily mean temperature for non-rainy

days. Although the variance percentage explained by

these two predictors is higher for non-rainy (55.2%)

days than for rainy (51.9%) days, the prediction rate is

slightly better for rainy than for non-rainy days.

Nonparametric regression yields substantially better

estimates, especially for rainy days indicating a

nonlinear relationship between the predictors and

the pollen concentration. The explained variance

percentage is 71.4 and 64.6% for rainy and non-rainy

days, respectively. Concerning the mean absolute

error, the nonparametric median regression provides

the best estimate. The quantile regression shows that

probability distribution of daily ragweed concentra-

tion is much more skewed for non-rainy days, while

the more concentrated probability distribution for

rainy days exhibits relatively stable ragweed pollen

concentrations. The possible lowest limits of concen-

trations are also calculated. Under highly favorable

conditions for peak concentrations, the pollen level

reaches at least 350 grains m-3 and 450 grains m-3 for

rainy and non-rainy days, respectively. These values

again underline the excessive ragweed pollen load

over the area of Szeged.

Keywords Time-varying linear regression �
Nonparametric regression � Median regression �
Quantile regression � Rainy days � Non-rainy days

1 Introduction

Ragweed originates in North America and has

evolved in response to a dry climate and open

environment. Among ragweed species, only seaside

ragweed (Ambrosia maritima) is native in Europe (de

Visiani 1842). The spread of ragweed in Europe

began after the First World War (Comtois 1998).

Seeds of different ragweed species were transferred

to Europe from America by purple clover seed

shipments and grain imports (Makra et al. 2005).

Today ragweed is appearing in more and more
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countries (Wopfner et al. 2005), its blooming lasts for

a long time (in some regions for up to three months)

(Wan et al. 2002), and it produces a lot of pollen

(Fumanal et al. 2007). In Europe, highly polluted

regions with ragweed pollen are the southern part of

European Russia (Saar et al. 2000), Ukraine (Turos

et al. 2009), and the Balkan Peninsula (Šikoparija

et al. 2009). However, the three main regions in

Europe infected by ragweed are the Carpathian Basin

with peak values in Hungary (Makra et al. 2004,

2005), the Rhône-Alpes region (Laaidi et al. 2003) in

France and the western part of the Po River Plain, i.e.

southern Lombardy in Italy (Cecchi et al. 2006,

2007). The Carpathian Basin is unique in the sense

that the peak values of ragweed pollen are the highest

worldwide (Makra et al. 2005).

Clinical investigations have shown that the highly

allergenic ragweed pollen is the main reason for the

most widespread, most serious and most long-lasting

pollinosis (Asero et al. 2006). After inhaling its

pollen, the characteristic symptoms of pollinosis

(coughing, sneezing, nasal discharge, inflammation

of the mucous membranes of eyes, and nose) appear

very quickly (Asero 2002). Hence, a prior knowledge

of the levels of pollen in the air can be useful for

making preparations for a future high pollen load,

namely for the prevention and treatment of allergic

symptoms (Jäger 2000; Bousquet et al. 2001).

The influence of meteorological parameters on the

pollen concentration of different species has been

studied by several authors (e.g. Giner et al. 1999;

Galán et al. 2000, 2001; Jato et al. 2000; Makra et al.

2004). Temperature was found to be the most

important meteorological parameter related to pollen

counts (Galán et al. 2000; Peternel et al. 2006; Oh

2009). Humidity is another important parameter

affecting pollen levels (Galán et al. 2000; Makra

et al. 2004). However, the effect of humidity seems to

be complex. Nightly relative humidity in excess of

60% adversely influences the pollen concentration

during the day, but a relative humidity of over 80% in

the morning is accompanied with increased pollen

levels again (Giner et al. 1999). Galán et al. (2000)

found the effect of humidity on the Urticaceae pollen

is detrimental when heavy rainfall occurs in short

bursts and beneficial when it comes from light rain

showers over several days. Furthermore, it has been

observed in Szeged that on the day following a rainy

day (when the relative humidity is higher), the pollen

concentration level can suddenly increase (Makra

et al. 2004).

The strongest correlation between pollen concentra-

tion and meteorological parameters was obtained during

non-rainy days (Fornaciari et al. 1992; Galán et al.

2000). Pollen levels on rainy days have scarcely been

analyzed, as it is not very clear what role precipitation

and relative humidity play here. Low Urticaceae pollen

concentrations were recorded on days with heavy

rainfall, while high pollen levels were observed on days

with light rainfall (Galán et al. 2000). Also, ragweed

pollen concentration levels (Peternel et al. 2006) as well

as pollen grain levels from trees (pine, oak, alder, and

birch), grasses and weeds (Japanese hop, sagebrush and

ragweed) markedly decrease on rainy days (Oh 2009).

To assess the daily pollen concentrations, previous-day

meteorological parameters (e.g. Galán et al. 2000;

Makra et al. 2004; Stennett and Beggs 2004) or those

variables up to three days before (Stennett and Beggs

2004) are frequently used.

The previous-day pollen concentration has also

been found to be a useful predictor. The influence of

the pollen concentration for the 2 previous days (Galán

et al. 2000) and the pollen concentration for the

previous day (Galán et al. 2000; Angosto et al. 2005)

has already been studied. According to Ruiz et al.

(2008), the pollen concentration for the two previous

days is the best predictive variable. The role of the

mean seasonal variation of the daily pollen value and

the average pollen value of the three preceding days

were also found to be important (Makra et al. 2004).

Forecasting airborne pollen levels based on mete-

orological and pollen parameters is one of the most

studied topics in aerobiology because of its crucial

application in allergology. The commonly used tools

for this problem are linear regression models (For-

naciari et al. 2002; Vázquez et al. 2003; Angosto

et al. 2005; Smith and Emberlin 2005, 2006; Rodrı́-

guez-Rajo et al. 2005; Ruiz et al. 2008) and

autoregressive models (ARIMA) (Rodrı́guez-Rajo

et al. 2006; Ocana-Peinado et al. 2008). Other studies

have used more advanced techniques such as neural

network or neuro-fuzzy models (Ranzi et al. 2003;

Sánchez Mesa et al. 2005; Aznarte et al. 2007).

However, there is no evidence that these latter

procedures perform better than the traditional tech-

niques (Aznarte et al. 2007; Verma and Pathak 2009).

Another technique for describing and forecasting

pollen concentrations is to use atmospheric transport
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models (e.g. Helbig et al. 2004; Schueler and Schlünt-

zen 2006; Sofiev et al. 2006; Vogel et al. 2008). Such

models have a big advantage compared to the statis-

tical models as they consider both local release and

dispersion due to meteorological conditions and long-

range transport, while statistical models are, by their

nature, limited to the area where they are developed.

However, regular use of atmospheric transport models

is limited at present as they require additional knowl-

edge compared to statistical models. This includes an

inventory, a validated phenological model and a model

that parameterizes daily pollen release (Skjøth et al.

2010). This information is actually not available for

ragweed, and the feasible solution for providing pollen

forecasts are therefore statistical models.

The purpose of this paper is to develop time-

varying linear regression and time-varying nonpara-

metric regression models as well as a time-varying

nonparametric median regression to predict the daily

pollen concentration for Szeged in Hungary using

previous-day meteorological parameters and the daily

pollen concentration. The models developed are

applied to rainy and non-rainy days, respectively.

As an extension of the median regression, a nonpara-

metric quantile regression is also applied. The

quantile regression estimates threshold levels have

the property that the chance of exceeding these

thresholds does not go above some preselected

probability value. While the linear regression model

specifies the mean conditioned on predictors, the

quantile regression specifies the conditional quantile.

Since any quantile can be used, it is possible to gain

an insight into the whole range of the conditional

distribution of the predictand.

2 Data and methodology

2.1 Location and data

Szeged (46.25N; 20.10E), the largest settlement in

South-eastern Hungary, is located at the confluence

of the rivers Tisza and Maros (Fig. 1). The area is

characterized by an extensive flat landscape of the

Great Hungarian Plain with an elevation of 79 m

AMSL. The city is the centre of the Szeged region

with 203,000 inhabitants. The climate of Szeged

belongs to Köppen’s Ca type (warm temperate

climate) with relatively mild and short winters and

hot summers (Köppen 1931). The pollen content of

the air was measured using a 7-day recording ‘‘Hirst-

type’’ volumetric trap (Hirst 1952). The air sampler is

located on top of the building of the Faculty of Arts at

the University of Szeged some 20 m above the

ground (Makra et al. 2008).

In order to estimate actual daily ragweed pollen

concentrations, previous-day values of eight meteo-

rological variables were considered including mean

temperature, mean wind speed, mean relative humid-

ity, mean global solar flux, mean atmospheric sea-

level pressure, minimum temperature, maximum

temperature and precipitation amount. These data

were collected by a monitoring station (operated

under the auspices of the Environmental and Natural

Protection and Water Conservancy Inspectorate of the

Lower Tisza Region, Szeged, Hungary) located in the

downtown, near to one of the busiest crossroads of

Szeged. The type of instruments measuring meteoro-

logical parameters at the station are as follows. Air

pressure: PS 71-I; temperature and humidity param-

eters: HMP-10; global solar flux: RS 81-I; wind speed:

WS-12H? and precipitation: Lambrecht. Tempera-

ture and humidity parameters are measured 3 m above

the surface, while wind speed and global solar flux are

recorded at a height of 6 m above the ground level.

These variables and previous-day ragweed pollen

concentrations as candidate predictors were applied

for the period July 15–October 15 for years

1997–2006. This interval covers most of the ragweed

pollination period in Szeged using the criterion of

Galán et al. (2001). Namely, the start (end) of the

pollen season is the earliest (latest) date on which at

least 1 pollen grain m-3 is recorded and at least 5

consecutive (preceding) days also have 1 or more

pollen grains m-3. The mean of this yearly varying

period is selected for the ten-year period examined.

Main characteristics of the ragweed pollen season at

Szeged can be found in Table 1. The datasets were

divided into two parts—rainy and non-rainy days—

and an analysis was performed on these two subsets

separately. A day was taken rainy if daily precipita-

tion total is at least 0.1 mm and non-rainy otherwise.

2.2 Statistical methods

Let the daily pollen concentrations from July 15 to

October 15 be denoted by yi; i ¼ 0; 1; . . .; n at times

t0; t1; . . .; tn. These latter values are scaled from July
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15 for each particular year, i.e. tuþvM ¼
tu; u ¼ 0; . . .;M � 1; v ¼ 1; . . .;N � 1, where N =

10 is the number of years and M = 93 is the length

of the period examined for each year. Simulta-

neous values of p ? 1 number of predictors are

written as xij; i ¼ 0; 1; . . .; n; j ¼ 1; . . .; pþ 1. Our

Table 1 Main

characteristics of the

ragweed pollen season

Year Pollen season Peak concentration Total amount

Start date End date Duration

(day)

Pollen grains

m-3
Date Pollen grains

m-3

1997 07.09. 10.19. 103 928 08.28. 7994

1998 07.26. 10.13. 80 332 09.06. 3857

1999 07.17. 10.21. 97 571 09.12. 8842

2000 07.02. 10.13. 104 608 09.04. 11592

2001 07.14. 10.10. 89 1125 08.26. 12277

2002 07.07. 10.13. 99 246 09.03. 4288

2003 07.26. 10.19. 85 404 08.27. 4760

2004 07.25. 10.12. 78 807 08.28. 6376

2005 07.15. 10.16. 92 603 09.04. 4957

2006 07.09. 10.18. 102 1385 09.06. 13854

Fig. 1 Location of the

Carpathian Basin (upper
large panel), Csongrád

county in Hungary (upper
panel, low left), Szeged in

Csongrád county (low left
panel) and the urban web of

Szeged (low right panel):[a:

centre (2-to-4-story

buildings); b: housing

estates with prefabricated

concrete slabs (5-to-10-

story buildings); c: detached

houses (1-to-2-story

buildings); d: industrial

areas; e: green areas, (1):

monitoring station]
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estimate :ŷi: of yi is defined by the time-varying linear

regression

ŷi ¼
Xp

j¼0

ajðtiÞxij; ð1Þ

where xi0 = 1 and the rest of the predictors include

the nine (p = 9) variables presented in Sect. 2.1.

Based on the annual courses of both the pollen

concentration and the predictors, the time-varying

coefficients in Eq. (1) can be written as

ajðtÞ ¼ aj0 þ
X2

k¼1

ajk cos wktð Þ þ bjk sin wktð Þ ð2Þ

with w1 ¼ 2p=365:25 and w2 ¼ 2w1. The role of the

angular frequency w1 is clear, while w2 is introduced

to describe the asymmetry of the annual course.

Substituting Eq. (2) into Eq. (1), the ordinary least

squares technique requires that we minimize the

mean squared error

MSE ¼ 1=n
Xn

i¼1

q yi � ŷið Þwith qðuÞ ¼ u2 ð3Þ

with respect to ajk; j ¼ 0; . . .; p; k ¼ 0; 1; 2, bjk; j ¼
0; . . .; p; k ¼ 1; 2. It might be expected that not every

predictor should be included in the procedure to

obtain a good estimator for the pollen concentration.

The selection of optimal predictors is based on the

well-known stepwise regression method (Draper and

Smith 1981). However, our decision on the preserved

variables is subjective as objective criteria used in

stepwise regressions are applicable for independently

and identically distributed samples, while our data

viewed as values for random variables are neither

independent nor identically distributed.

The least squares technique is a useful tool for data

distributed nearly normally, but it is questionable

with variables that have highly skewed distributions

(e.g. pollen concentration data sets) and perhaps other

estimation procedures should be applied. Here, Eq.

(3) will be rewritten so as to minimize the mean

absolute error

MAE ¼ 1=n
Xn

i¼1

q yi � ŷið Þwith q uð Þ ¼ uj j: ð4Þ

Note that solution of this problem approximates the

conditional median instead of the conditional mean in

the case of the least squares procedure. A further

refinement of the methodology is introduced by

rejecting the linear form in Eq. (1) and ŷi ¼ g

xi1; . . .xip; ti

� �
, where g is an unknown function.

Without any assumption on the analytical form of g,

the conditional median can be estimated nonparamet-

rically. This nonparametric technique consists of a

non-linear local smoothing of data of the predictand.

The locality, called bandwidth, is defined in the

predictor space as a neighborhood of actual predictor

variables, and those predictand values are involved in

the smoothing that are accompanied with predictors

lying in this neighborhood. Note that the nonparamet-

ric method can be applied to any data set satisfying

some mild statistical dependence and smoothness

conditions (Koenker 2005), but without obtaining an

analytical functional form. A short description of the

technique is in Appendix A. The bandwidth plays a

crucial role in the accuracy of the procedure. Large

bandwidths that allow large amounts of smoothing

produce small variances with possibly large biases,

while small bandwidths provide large variances with

small biases. Thus, an optimal bandwidth that recog-

nizes the trade-off between the bias and variance has to

be estimated. Note that the concept of nonparametric

median regression follows directly from the nonpara-

metric regression model where the loss function

q uð Þ ¼ u2 is used resulting in a linear local smoothing

of data of the predictand (Cai 2007).

Koenker and Bassett (1978) recognized that the

model of median regression can be extended to the

quantile regression case. The sth quantile (0 \
s\ 1) of a random variable denotes that value

below which the random variable takes values with

probability s. For instance, s = 0.5 corresponds to

the median. While the linear regression model

specifies the mean conditioned on predictors, the

quantile regression specifies the conditional quantile.

Since any quantile can be used, it is possible to gain

an insight into the whole range of the conditional

distribution of the predictand. The procedure is

summarized in Appendix A.

Usually, a data set available is divided into a

learning set and a validation set. The learning set is

used to estimate parameters of the statistical model,

and this model is then applied to the validation set. A

general rule of thumb is to consider the learning set to

be 80% of the total data and the validation set to be

the remaining 20%. However, our data set is quite
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short and it splits into two parts even worsens the

case. Evidently, a ‘‘fortunate’’ choice of years for

validation might provide too nice results, while an

‘‘unfortunate’’ choice might underestimate the poten-

tials of the underlying statistical models. Note that the

only parameter to be estimated in the nonparametric

techniques is the bandwidth. Therefore, the validation

should include just a proper bandwidth selection.

Having N years of data, our validation makes it

possible to use N-year validation set with (N - 1)-

year learning set. Taking the kth year from the entire

data set, bandwidth is estimated with data omitting

the kth year, and estimates for the kth year are then

obtained using this bandwidth. The procedure is

applied for k = 1,…N, and thus these estimates for

the entire data set are directly validated. However, a

simplification working with the mean of annually

varying bandwidths is made because the variability of

the N number bandwidths is small. The time-varying

parametric linear regression is not validated as it is

used to have only preliminary results; the emphasis is

on the nonparametric methods.

3 Results

3.1 Regression and median regression

The most important predictor is the previous-day

pollen concentration, which accounts for 48.6 and

45.3% of the variance for rainy and non-rainy days,

respectively. The only other predictor retained by a

stepwise regression procedure is the daily mean

global solar flux for rainy days and the daily mean

temperature for non-rainy days (Table 2). The vari-

ance accounted for by these two predictors is 51.9

and 55.2%, respectively. Including the third most

important predictor only gives an additional variance

reduction of 0.3% (air pressure) and 0.7% (relative

humidity) for rainy and non-rainy days, respectively.

Ragweed likes dry and warm climates, with a

tendency to the occasional drought, with abundant

sunshine hours, small relative humidity and cloudi-

ness during its pollination season, namely the sum-

mer and early autumn period (Béres et al. 2005).

Hence, the importance of the temperature on non-

rainy days is obvious. The relative prediction accu-

racy is higher for non-rainy days (55.2%) than for

rainy (51.9%) days. However, as the residual vari-

ance is 6486 and 6058 (pollen grains m-3)2 under the

variance of 14477 and 12596 (pollen grains m-3)2 for

both cases, respectively, the prediction performance

is slightly better for rainy days than for non-rainy

days. These latter two variances are calculated as

MSEs obtained from Eq. (1) with p = 0, i.e. as MSEs

corresponding to the annual cycles of the pollen

concentration on non-rainy and rainy days.

Applying nonparametric regression with the two

predictors mentioned earlier produces substantially

better estimates mainly for rainy days, clearly

indicating that there is a nonlinear relationship

between predictors and the pollen concentration. To

be precise, the variance percentage accounted for by

the predictors is 71.4 and 64.6% for rainy days and

non-rainy days, respectively. A bootstrap test of Cai

(2007) (see Appendix B) is used to check whether

these improvements are significant when compared to

parametric models. The test shows that nonparamet-

ric regression models have a gain at any reasonable

significance levels (the test statistic obtained is

substantially higher than the critical value at the

99% significance level). For each day examined, the

explained variance percentage of 66.6% seems quite

different from the 71.4% result for rainy days.

However, the frequency of non-rainy days is around

2.3 times higher than the frequency for rainy days.

The mean absolute error (MAE) provided by the

nonparametric regression model is 26.8 pollen grains

m-3 (25.6 pollen grains m-3 for rainy days and 27.2

pollen grains m-3 for non-rainy days). One might

think that there is a contradiction here between the

predictor selection based on linear regression and

the nonlinear relationship between any predictor and

the pollen concentration. Therefore, the predictor

selection for nonparametric regression is repeated by

minimizing the MSE with a technique similar to the

stepwise regression. The procedure results in the

Table 2 Candidate predictors: previous-day pollen concen-

tration (PC), previous-day mean temperature (T), previous-day

mean wind speed (W), previous-day mean relative humidity

(RH), previous-day global solar flux (GSF), previous-day mean

sea-level pressure (SLP), previous-day minimum temperature

(Tmin), previous-day maximum temperature (Tmax), previous-

day precipitation amount (Pr)

Rainy day PC T W RH GSF SLP Tmin Tmax Pr

Non-rainy day PC T W RH GSF SLP Tmin Tmax Pr

Predictors involved in statistical models are in bold
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same predictors obtained for time-varying linear

regression.

When applying the median regression model, the

MAE is expected to be lower (with a higher MSE)

compared to the MAE obtained from the regression.

Indeed, median regression gives an MAE value of 21.2

pollen grains m-3 (16.5 pollen grains m-3 for rainy

days and 23.2 pollen grains m-3 for non-rainy days),

which is 20.9% smaller than the MAE value obtained

from nonparametric regression. Because prediction

errors and not their squares are of practical interest, the

nonparametric median regression model produces the

best estimate among the prediction models discussed

here. Figure 2 illustrates the prediction potential of

applying the nonparametric median regression model

for a ragweed infected area like Szeged.

3.2 Quantile regression

Generally, high pollen levels are of practical impor-

tance, so a quantile regression was performed with

probability values s = 0.5, 0.6,…, 0.9. Figures 3 and

4 show the annual cycles of these quantiles obtained

after omitting the predictors (omitting the kernel Kp)

(see Appendix A). Comparing the highest quantile

values during the year, quantiles for rainy days are in

general substantially smaller (principally for the 0.9th

quantile) due to the less favorable conditions for

pollen dispersion and the wash-out effect of the

pollen grains from the air. But the 0.7th and 0.8th

quantiles on rainy days are identical with or even

larger than these quantiles on non-rainy days during

most of the year. Therefore, the probability distribu-

tion of daily ragweed pollen concentration is much

more skewed for non-rainy days, thus producing

extremely high pollen levels, while the probability

distribution for rainy days is more concentrated and

gives relatively steady ragweed pollen concentra-

tions. A weak tendency can also be observed that the

highest values of the 0.9th quantile tend to occur

earlier during the annual cycle for rainy days, while

the highest values of the 0.8th quantile are liable to

appear later for non-rainy days compared to the

remaining quantiles. As ragweed generally likes dry
Fig. 2 The daily pollen concentration with its 1-day prediction

(solid) obtained from nonparametric median regression

Fig. 3 The daily pollen concentration quantile trends for

quantiles 0.5 (solid), 0.6 (dashed), 0.7 (dots), 0.8 (short
dashes), 0.9 (short dots) for rainy days

Fig. 4 The daily pollen concentration quantile trends for

quantiles 0.5 (solid), 0.6 (dashed), 0.7 (dots), 0.8 (short
dashes), 0.9 (short dots) for non-rainy days
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and warm climates with abundant sunshine (Béres

et al. 2005) quantiles for non-rainy days are in

general substantially larger due to the more favorable

conditions. However, ragweed favors warm and rainy

days at early stage of the pollen season as precipi-

tation makes the plant development intensely (Béres

et al. 2005). Therefore, rain accelerates the pollen

emission reaching high pollen levels (high quantiles)

earlier at the beginning of the pollen season. The

curves are considerably smoother for non-rainy days,

because the number of such days is around 2.3 times

larger than the number of rainy days, and thus a

considerably larger amount of data is available for the

estimates.

The example given in Fig. 5 shows the s = 0.75th

time-varying quantile conditioned on the predictors.

The curve provides estimated pollen concentration

thresholds exceeded with probability 0.25 under

actual values of predictors. Evidently, quantile

regression with other values of s produces other

pollen levels exceeded with probabilities 1 - s, and

thus different thresholds can be obtained for different

probability levels. Unfortunately, the overall picture

of pollen level quantiles conditioned on predictors

and time cannot be shown here, as it would require

four-dimensional curves.

A further question is what the lowest concentration

limits that can be expected with different values of

the chosen predictors are. The problem can be

described using the concept of extremal quantile

regression (Smith 1994), i.e. with quantile regression

under s = 0. Main equations for the nonparametric

extremal quantile regression are in Appendix A. The

conditional extremal quantile is called the conditional

boundary (Chernozhukov 2005) of the pollen con-

centration. Note that this conditional boundary can be

calculated for any predictor values within a domain

determined by the observed values. In order to

illustrate the dependence of the extremal quantile

on predictors, the date August 31 has been selected,

as the highest pollen concentration levels are

expected around late August—early September (see

Table 1). A large number of data values (2,500) for

the previous-day mean global solar flux (Fig. 6) and

the previous-day mean temperature (Fig. 7) with the

previous-day pollen concentration as predictors were

generated within a domain defined by the smallest

and largest values observed on that day. It is clear

from Figs. 6 and 7 that rainy days are accompanied

by a lower boundary. High (low) previous-day pollen

levels imply high (low) actual boundaries, but the

global solar flux on rainy days or temperature on non-

rainy days also substantially influences this boundary

because an increase in both quantities results in

substantially raised boundaries. It is also apparent

that the relationships found are not linear; in the case

of linearity, the surfaces should be placed on planes.

Conditions less favorable for pollination mean around

20 pollen grains m-3, while high previous-day pollen

Fig. 5 The daily pollen concentration with its conditional

quantile of 0.75

Fig. 6 Boundary of the daily pollen concentration level

(pollen grains m-3) for rainy days on August 31 conditioned

on the previous-day pollen concentration (pollen grains m-3)

and the previous-day mean global solar flux (Wm-2)
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concentrations with high global solar fluxes (rainy

days) or with high temperatures (non-rainy days)

result in just over 70 and 120 pollen grains m-3 for

rainy days and non-rainy days, respectively. How-

ever, taking into account not just the above-men-

tioned day, a time sequence plot of the realized

conditional boundary can also be obtained for the

whole 10-year period (see Appendix A) with the

observed values of predictors. Figure 8 tells us that

the boundary can exceed even 350 and 450 pollen grains

m-3 for rainy days and non-rainy days, respectively,

under exceptionally favorable conditions for pollina-

tion. These pollen values again demonstrate how

polluted the area of Szeged is by the ragweed plant.

4 Conclusions

Time-varying linear regression and time-varying

nonparametric regression models as well as a time-

varying nonparametric median regression were devel-

oped to predict the daily pollen concentration level

for Szeged in Hungary using previous-day meteoro-

logical parameters and daily pollen concentration

levels. The models were applied to rainy days and

non-rainy days, respectively. Computations were

carried out by computer programs developed by the

authors.

The most important predictor found was the

previous-day pollen concentration, which accounted

for 48.6 and 45.3% of the variance for rainy days and

non-rainy days, respectively. The only other predictor

retained by the stepwise regression is the mean global

solar flux for rainy days and the daily mean

temperature for non-rainy days. The relative variance

explained by these two predictors is higher for non-

rainy days (55.2%) than for rainy days (51.9%).

However, on examining the variances, the prediction

rate is slightly better for rainy days than for non-rainy

days. Including the third most important predictor

only produces an additional variance reduction of

0.3% (air pressure) and 0.7% (relative humidity) for

rainy days and non-rainy days, respectively. For non-

rainy days, the role of the daily mean temperature is

obvious: ragweed thrives best in a warm and dry

climate. For rainy days, a small global solar flux

means a low temperature that decreases the intensity

of the pollen dispersion. The minimal role of the air

pressure for rainy days is not surprising, but the small

significance of the relative humidity for non-rainy

days is quite apparent; the literature specifies this

element as an important factor influencing daily

pollen levels (Giner et al. 1999; Galán et al. 2000). It

is to be mentioned that originally not only the

previous-day pollen concentration and previous-day

meteorological variables were taken into account as

candidate predictors, but these variables were con-

sidered up to three previous days. However, the

predictor selection procedure mentioned in Sect. 3.1

decided on predictors used in the paper.

Fig. 7 Boundary of the daily pollen concentration level

(pollen grains m-3) for non-rainy days on August 31

conditioned on the previous-day pollen concentration (pollen

grains m-3) and the previous-day mean temperature (�C)

Fig. 8 The realized conditional boundary of the daily pollen

concentration for non-rainy (solid) and rainy (dotted) days
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Applying nonparametric regression with predictors

chosen above yields substantially better estimates

mainly for rainy days, indicating a nonlinear rela-

tionship between the predictors and the pollen

concentration. In particular, the variance percentage

explained by the predictors is 71.4 and 64.6% for

rainy days and non-rainy days, respectively.

The nonparametric median regression model pro-

vides a mean absolute error of 21.2 pollen grains m-3

(16.5 pollen grains m-3 for rainy days and 23.2

pollen grains m-3 for non-rainy days), which is

substantially smaller than the mean absolute error

obtained from regression. Because prediction errors

and not their squares have a practical worth, the

nonparametric median regression produces the best

estimates among the prediction models mentioned

earlier. These results are summarized in Table 3

showing the root of mean squared error (RMSE) and

mean absolute error (MAE) corresponding to the

three statistical models. Here, the term annual cycle

refers to the case when the predictors are omitted

from the models resulting in the estimation of the

annual cycle of the mean, median, or quantiles (see

Appendix A).

As regards the highest quantile values during the

year, the quantile regression provides smaller quan-

tiles (principally for the 0.9th quantile) for rainy days

than for non-rainy days, which can be explained by

less favorable conditions for the pollen dispersion and

the wash-out effect of the pollen grains from the air

on rainy days. The probability distribution of daily

ragweed pollen concentration is much more skewed

for non-rainy days that have the highest pollen levels,

while the probability distribution for rainy days is

more concentrated and results in relatively stable

ragweed pollen concentration levels.

The lowest limits of possible concentrations under

different values of the chosen predictors were also

calculated. Rainy days, in contrast to the less

favorable conditions for reaching peak concentration

levels, produce over 350 pollen grains m-3, while

non-rainy days produce peak levels of over 450

grains m-3. These values once again underline the

very high ragweed pollen load over the area of

Szeged.
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Appendix A

Nonparametric regressions

Having a data set yi; i ¼ 1; . . .; n for a predictand at

times t1; . . .; tn and simultaneous values of p number

of predictors written as xij; i ¼ 1; . . .; n; j ¼ 1; . . .; p,

our estimate at given values of predictors x1; . . .; xp

and time t is ĝ x1; . . .; xp; t
� �

¼ â with â; b̂1; . . .; b̂p that

minimizes

1=n
Xn

i¼1

q yi�ðaþ b1ðxi1� x1Þþ � � � þ bpðxip� xpÞÞ
� �

�Kp
xi1� x1

h1

; . . .;
xip� xp

hp

� �
K

ti� t

ht

� �

with qðuÞ ¼ u2 for regression, q uð Þ ¼ uj j for median

regression, furthermore with q uð Þ ¼ qs uð Þ ¼
ð1� sÞ uj j if u \ 0, q uð Þ ¼ qs uð Þ ¼ s uj j if u C 0 for

s th quantile regression. Weights after the loss

function q are generated by suitable kernel functions.

K, the Epanechnikov kernel, is defined as K uð Þ ¼
3=4ð1� u2Þ in [-1,1] and zero otherwise (Fan 1992),

Table 3 Root mean square error (RMSE) and mean absolute error (MAE) of the estimates and of the annual cycles (in parentheses)

for the three statistical models (pollen grains m-3)

Parametric linear regression Nonparametric regression Nonparametric median regression

RMSE MAE RMSE MAE RMSE MAE

Rainy day 77.8 (112.2) 32.3 (58.4) 61.7 (115.3) 25.6 (60.0) 63.2 (118.0) 16.5 (36.8)

Non-rainy day 80.5 (120.3) 32.5 (54.8) 67.5 (113.6) 27.2 (51.7) 68.8 (115.8) 23.2 (50.3)

Every day 79.8 (117.9) 32.4 (55.9) 66.1 (114.4) 26.7 (54.7) 67.1 (116.5) 21.2 (46.2)

Bold and italic refer to the best estimate in view of MAE and RMSE, respectively
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while Kp is a p-variate kernel function. This latter

kernel can be chosen as a multivariate normal density

function using a suitable scaling of predictors such

that h1 ¼ h2 ¼ �� � ¼ hp ¼ h (Wand and Jones 1993).

The bandwidths h and ht playing a crucial role in

the accuracy of the procedure is estimated by

minimizing

1=n
Xn

i¼1

q yi � ŷ
ðiÞ
i

� �

with respect to h and ht, where ŷ
ðiÞ
i is an estimate of yi

after omitting the ith data values from the estimation

procedure (Yu and Jones 1998).

The nonparametric extremal quantile regression

for s = 0 at given values of predictors x1; . . .; xp and

time t is ĝ x1; . . .; xp; t
� �

¼ â with â; b̂1; . . .; b̂p that

minimizes

1=n
Xn

i¼1

yi � ðaþ b1ðxi1 � x1Þ þ � � � þ bpðxip � xpÞÞ
� �

� Kp
xi1 � x1

h
; . . .1; xip � xp

h

� �
K

ti � t

b

� �

such that aþ b1ðxi1 � x1Þ þ � � � þ bpðxip � xpÞ\yi

for every i satisfying Kp ðxi1 � x1Þ=h; . . .; ðxip � xpÞ=h
� �

K ðti � tÞ=bð Þ[0.

Details of these methods are profoundly discussed

e.g. in Fan and Yao (2005) and Koenker (2005). Note

that omitting the predictors from these equations

results in estimating the annual cycle of the mean,

median, or quantiles.

Appendix B

Model comparison by a bootstrap technique

The null-hypothesis is that the time-varying para-

metric model is true. A comparison of this model

with time-varying nonparametric model is based on

the sums of squared residuals as

T ¼ ðSSEnp � SSEpÞ=SSEp, with SSEp ¼
Pn

t¼1

r2
p;t;

SSEnp ¼
Pn

t¼1

r2
np;t, where rnp;t and rp;t are the residuals

of nonparametric and parametric models, respec-

tively. The procedure can be summarized by the

following five steps.

1. Form separate empirical distribution functions of

rnp;t � rnp;t for every day of the year and generate

a residual data set of length n using these

distribution functions.

2. Generate a data set with the parametric model

using the residual data obtained from step 1.

3. Apply the estimation procedure of nonparametric

model to data set obtained from step 2, and

calculate the actual T.

4. Repeat steps 1–3 L times resulting in

T1; T2; . . .; TL, where L is a suitably large integer,

say L = 1000.

5. Calculate q1�e, the 1� e quantile of the empirical

distribution function of the sample T1; T2; . . .; TL.

The critical value for accepting or rejecting the

null-hypothesis will be q1�e, corresponding to a

significance level of ð1� eÞ100%.
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