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1.1 Annual airborne pollen as an important index 

Clinical evidence reveals a general increase in both incidence and prevalence of allergic 

diseases in industrialized countries over the last half century (Pawankar et al., 2013). The 

cause of these diseases is not only attributed to air pollutants (D'Amato et al., 2016) and 

changes in lifestyle (Graham-Rowe, 2011), but also an increase in allergenic pollen 

concentration (Ziello et al., 2012). 

The annual airborne pollen, or seasonal pollen index (SPI), which is the sum of daily 

pollen concentrations over the year, is one of the most important indices describing pollen 

dynamics. It reflects both the duration of the pollen season and the dispersed condition as it is 

the overall outcome of the pollen dispersal of a year. Estimation of the annual airborne pollen 

and its interannual variability not only satisfies the needs of allergy stakeholders, but also 

benefits the prediction of crop yields and the impact of climate change on plants. 

1.2 Determining factors of annual airborne pollen 

 Analysis of the annual airborne pollen of anemophilous trees indicates that airborne 

pollen concentrations vary considerably from year to year. This variation reflects the plant 

flowering intensity which is regulated by two factors: weather conditions during flower 

formation and the inner resource for assimilation. 

For example, male flowers in birch trees initiate formation between May and July prior to 

the flowering year, depending on the climate zone (Caesar and Macdonald, 1983; Caesar and 

Macdonald, 1984; Dahl and Strandhede, 1996; Ranta et al., 2008). Hence, the flowering 

intensity is closely related to weather conditions of the previous summer (Ranta et al., 2008; 
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Yasaka et al., 2009), and is dependent particularly on temperature and sunlight (Matthews, 

1955; Norton and Kelly, 1988), which affect the assimilation efficiency for the generation of 

carbohydrates during male flower formation (Dahl and Strandhede, 1996). 

Flowering intensity is also affected by the endogenous flowering rhythm. This effect can 

be seen in anemophilous trees and other perennial plants which are capable of producing large 

quantities of flowers and seeds simultaneously, as well as synchronizing the variation in 

reproduction output. It is commonly known as masting behavior (Kelly and Sork, 2002; 

Koenig and Ashley, 2003; Koenig and Knops, 2000; Nilsson and Wastljung, 1987). This 

phenomenon explains why mast year occurs only once every several years even though 

favorable weather conditions for flower development, pollination, fertilization, and resource 

storage are available (Masaka and Maguchi, 2001). 

The combination of meteorological factors and biological rhythm is therefore known to 

affect the flowering intensity. Considering both of these factors, it can be concluded that the 

quantity of airborne pollen dispersed and the meteorological conditions of the previous year 

are necessary to define the quantity of airborne pollen dispersed in a given flowering year. 

1.3 Inadequacy in the study of annual airborne pollen 

There is a considerable lack of research conducted on annual airborne pollen. Limited 

studies have been carried out in a small number of areas, since the monitoring sites of airborne 

biological matters are only established in few places and usually lack long-term observation. 

In addition, the sum of airborne pollen cannot be predicted in regions without an airborne 

pollen observatory because apart from the meteorological conditions, the quantity of airborne 
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pollen dispersed in the previous year is also necessary to define the quantity of airborne pollen 

dispersed in a given flowering year. 

1.4 Objectives of the thesis 

This study is aimed at (i) developing and validating two alternative models for predicting 

annual airborne pollen for birch trees that is widely distributed at high latitudes in the Northern 

Hemisphere and associated with high allergenicity, (ii) examining the applicability of the 

proposed models in other regions, and (iii) discussing future prospects and limitations of these 

models. 

The two proposed models, deterministic and stochastic, are based on recursive properties 

of masting where, the preceding annual airborne pollen (𝑃,-.) and meteorological conditions 

(𝑀,-.) are necessary to define the annual airborne pollen in a given flowering year (𝑃,). The 

deterministic algorithm in Chapter 3 was derived by substituting variable 𝑃,-.repeatedly, 

turning it into a multiple regression model predicting the annual airborne pollen using only 

the meteorological conditions of previous years. The stochastic model, in Chapter 5, was the 

first application of a stochastic model to pollen concentration prediction. It was based on the 

hidden Markov model which integrated the stochastic process of mast flowering and 

meteorological conditions influencing flower formation to predict the annual airborne pollen 

level. The proposed models were developed and validated using the longitudinal data of flat 

region in Hokkaido, Japan and the applicability of the deterministic model was clarified and 

discussed to regions sharing similar latitudes with different topological features in Switzerland. 

In contrast to previous studies, the two models can predict the annual airborne pollen using 
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only meteorological data. Hence, the annual airborne pollen for the subsequent season can be 

still predicted without pollen data of the current season. 

1.5 Structure of the thesis 

The thesis has been divided into seven chapters. Following the introduction, Chapter 2 

details a comprehensive literature review on the issues of allergenic pollen, factors regulating 

flowering intensity, and the prediction model of the annual airborne pollen. Chapter 3 outlines 

the development of the algorithm predicting annual airborne pollen and Chapter 4 discusses 

the applicability of the proposed algorithm to different regions with various topographic 

properties. An alternative approach to the deterministic model, the hidden Markov model, is 

proposed in Chapter 5. In Chapter 6, the limitations and future prospects of the proposed 

predicted models are discussed. Chapter 7 concludes the main findings of the thesis. 
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2.1 Allergenic pollen and prevalence of pollinosis 

Allergenic pollen has long been an issue of great concern for more than a century. 

Pollinosis was first described by Bostock (1819) as follows, “About the beginning or middle 

of June in every year ... A sensation of heat and fullness is experienced in the eyes .... To this 

succeeds irritation of the nose producing sneezing. To the sneezing are added a further 

sensation of tightness of the chest, and a difficulty of breathing”. Allergenic pollen started 

receiving considerable attention in the early 1870s, after the first skin prick test, and was 

recognized as a pathogenic cause for allergic rhinitis, asthma, and conjunctivitis (Blackley, 

1873). 

Allergenic pollen is one of the most widespread allergens in the world. The geographical 

distributions of plants play an integral role in the diversity of allergens; for e.g., ragweed 

(Ambrosia L.) is the major source of allergenic pollen in the United States, Europe, and 

Australia (Thibaudon et al., 2014), as Japanese cedar (Cryptomeria japonica) is to Japan 

(Okuda, 2003) and birch (Betula L.) is to Europe and Hokkaido (WHO, 2003). In addition, 

the prevalence of pollinosis is approximately 29.8% in Japan (Nakae and Baba, 2010), 40% 

in Europe (D’Amato et al., 2007), and 10–30% in the global population (Pawankar et al., 2013), 

and is still on the rise. This increase can be attributed to the urban life style as theory “hygiene 

hypothesis” (Graham-Rowe, 2011), the synergistic effect of airborne pollen with co-stressors 

such as gaseous and particle-phase air pollutants, and the widespread presence of allergens 

(Behrendt et al., 1992; D'Amato et al., 2016; Heinrich and Wichmann, 2004). Climate change 

was also reported to cause adverse impacts on the prevalence of allergic reactions; the effects 

of which can be seen at the onset, duration, intensity of the pollen season, as well as on pollen 
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allergenicity (Beggs, 2004; D'Amato et al., 2016; D’Amato et al., 2015; Ziello et al., 2012). 

2.2 Allergenicity of airborne birch pollen 

Betulaceae, including the genera Betula (birch), Corylus (hazel), and Alnus (alder), are 

the source of allergenic pollen at the Northern Hemisphere temperate zones. They belong to 

the order Fagales, which has high levels of allergenic cross-reactivity with other members of 

the Betulaceae family and the grass, causing pollinosis in sensitized individuals during the 

pollen season. Among the Betulaceae family genera, birch is the major pollen-allergen-

producing anemophilous tree in northern and central Europe and is the source of the most 

widely distributed airborne pollen in that region (D’Amato et al., 2007) as it is efficient 

colonist of disturbed ground and usually plant as ornamental trees (Madeja et al., 2005). It is 

also one of the lead causes of pollinosis, with approximately 10–20% of the population 

estimated to be allergic to birch pollen (Corden et al., 2002; Oei et al., 1986; Spieksma, 1990). 

2.3 Airborne pollen monitoring 

 Airborne pollen monitoring has been instrumental in understanding pollen dispersal 

dynamics. It enables scientists to compile an annual pollen calendar and examine the 

relationship between airborne pollen concentrations and the severity of pollinosis symptoms. 

The origins of airborne pollen and spore monitoring can be traced back to late 19th century, 

when “living organisms in the air” (Miquel, 1883) received considerable interest. Scientists 

began conducting aerobiological observations using low precision instruments built with 

clothes begs and a glass slide. After the late 1900s, more advanced samplers were introduced, 
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namely conventional and modern devices. Conventional samplers includes gravitational 

Durham samplers (Durham, 1946) and volumetric Burkard samplers (Hirst, 1952). They both 

require intense labor work and skill to count the number of pollen grains. However, their 

simplicity and accuracy make them a popular choice in Japan and other countries of the world. 

Modern samplers comprise of the latest devices with automatic counting, such as KH-3000-

01 (Kawashima et al., 2007) and can identify pollen species using an installed algorithm (e.g., 

Rapid-E (Šaulienė et al., 2019) and BAA500 (Oteros et al., 2015)). The comparisons of the 

samplers are summarized in Table 2- 1. 

Despite the importance of monitoring airborne pollen, it is not as predominant compared 

to non-biological air pollutants. The monitoring networks of the non-biological (chemical) 

components usually are publicly funded and air quality data are open to the public. However, 

except for only a few countries like Japan, France, and Switzerland, which have state-owned 

monitoring networks for airborne biological matters, monitoring networks are usually 

privately owned and the data are not freely available. In addition, many regions lack long-term 

observation or a lack of any observatories. The information of pollen monitoring network over 

the world was summarized by Buters et al. (2018). 
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Table 2- 1 Summarization of conventional and modern airborne pollen samplers. 

 Conventional  Modern   

Sampler 
Durham 
(Durham, 
1946) 

Hirst 
(Hirst, 
1952) 

KH-3000-01 
(Kawashima 
et al., 2007) 

BA500 
(Oteros, 
2015) 

Rapid-E 
(Šaulienė et 
al., 2019) 

method 
Gravitational 
method 

Volumetric 
method 

Volumetric 
method 

Volumetric 
method 

Volumetric 
method 

Time 
resolution 

Daily Hourly Hourly Hourly Hourly 

Usage 
condition 

Widely used 
in Japan 

Widely 
used in the 
world. 

Hanako-san 
in Japan 

Germany Switzerland 

Automatic 
counting? 

No No 
Yes (Laser-
optics) 

Yes (Laser-
optics) 

Yes (Laser-
optics) 

Automatic 
identification? 

No No No Yes Yes 

2.4 Annual airborne pollen: continuing concern in epidemiology, plant reproduction, and 

climate change 

 Using longitudinal airborne pollen monitored data, three aspects of airborne pollen 

dynamics can be modeled: the onset and duration of the airborne pollen season (temporal), 

spatial distribution of airborne pollen (spatial), and airborne pollen concentration in different 

time resolutions (amount). 

The annual airborne pollen has become an aerobiological index of concern ever since the 

first pollen trap was constructed in the late 1860s. It is the summation of the pollen 

concentration over a pollen season, which is used to determine the overall dispersal outcome 

each year. 
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Predicting the annual airborne pollen concentrations has significant value for allergy 

stakeholders. Since the triggering of allergic reactions and the severity of pollinosis are highly 

correlated with the concentration of allergenic pollen (Voukantsis et al., 2010), annual airborne 

pollen data provides an important reference in decision making for clinical strategies for 

allergic diseases and management of anti-allergy medicine production. 

In addition, the annual airborne pollen can reflect the flowering intensity. Since the 

availability of airborne pollen partly determines the success of pollination and fertilization 

(Bogdziewicz et al., 2017b), the annual airborne pollen is used as a bio-indicator for studies 

on plant reproductive behavior and crop yields of anemophilous plants; such as olive (Galán 

et al., 2008; Oteros et al., 2013), wine (Cristofolini and Gottardini, 2000; Cunha et al., 2016), 

oak (Fernández-Martínez et al., 2012; Knapp et al., 2001), and beech (Kasprzyk et al., 2014). 

 The fluctuation pattern of the annual airborne pollen provides a detailed perspective into 

the reactions of plants to climate change (Damialis et al., 2007; Garcia-Mozo et al., 2006; 

Hatfield and Prueger, 2015; Oteros et al., 2014; Recio et al., 2018; Rogers et al., 2006; Zhang 

et al., 2015; Ziska and Beggs, 2012), as numerous studies have reported an increase in 

aeroallergens which coincides with the rise in CO2 and temperature (Kim et al., 2012; Wayne 

et al., 2002; Ziska and Caulfield, 2000). 

2.5 Masting behavior―inter-annual variation of productive effort 

2.5.1 Definition 

 Masting behavior, also known as masting, mast flowering, or mast seeding, is a 

widespread and extensively studied phenomenon in anemophilous trees and other perennial 
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plants (Nilsson and Wastljung, 1987). It refers to both, a highly variable inter-annual flowers 

and seeds production among individual plants (𝐶𝑉,), and intra-annual production synchrony 

within a plant population (𝑆) (Kelly, 1994; Koenig and Knops, 1998; Koenig and Knops, 2000). 

Pearse (2016) summarized two levels of hypothesis for masting: ultimate and proximate levels. 

Ultimate-level hypothesis describes masting from an evolutionary aspect, whereas proximate-

levels hypothesis details the mechanisms causing masting, including factors such as the 

external environmental restrainers and internal resource limitations from producing large 

amounts of flowers and seeds in some years but not others. 

2.5.2 Ultimate-level hypothesis: evolutionary advantages 

Ultimate-level hypothesis details the mechanisms of masting that bring about benefits 

from economies of scale (EOS), which leads to lower cost per surviving offspring. Plants with 

a masting function are at an advantage and thrive under selection pressures of evolution. Three 

possible EOSs were proposed: (i) decrease in the probability of an individual organism being 

consumed (predator satiation) (Janzen, 1971; Silvertown, 1980), (ii) increase pollination 

efficiency by synchronizing flowering efforts (Moreira et al., 2014; Smith et al., 1990; White 

et al., 1994) and (iii) enabling surviving offspring to be set into a low-competition and high-

nutrient soil, after environmental changes such as a fire (environmental predictions). In 

ultimate-level, although predator satiation does not affect 𝐶𝑉,  and 	𝑆  directly, pollination 

efficiency and environmental predictions have a positive influence on	𝑆 and both	𝐶𝑉, and	𝑆, 

respectively (Fig. 2-1). 
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2.5.3 Proximate-level hypothesis: weather cues and inner resources 

Proximate-level hypothesis focuses on the mechanisms causing masting behavior and do 

not necessarily require ultimate-level benefits. The two main proximate causes of masting are 

weather cues (Bogdziewicz et al., 2018; Koenig and Knops, 2000; Koenig et al., 2015; Norton 

and Kelly, 1988; Vacchiano et al., 2017) and variation of inner resources. They were proposed 

to influence annual seed production in two stages of the plant development cycle: (i) flowering 

and pollination and (ii) population-level seed production (Fig. 2- 2). The dominance of either 

of the two stages, in masting, is species dependent (Bogdziewicz et al., 2019). For instance, 

European beech is a flower masting species and seed production is mainly determined by step 

(i). On the contrary, sessile oak is a fruit-maturation masting species where variable ripening 

is determined by step (ii) (Bogdziewicz et al., 2019). 

Weather cues 

Various hypotheses support the influence of weather cues on masting. In step (i), 

phenology synchrony hypothesis (②	in Fig. 2- 2) supports that weather conditions can affect 

the flowering synchrony and associated pollination efficiency (Koenig et al., 2015). 

In step (ii), pollination dynamics’ influence on seed crops can be predicted by two 

hypotheses. Pollen coupling (density-dependent pollen limitation) (⑥	in Fig. 2- 2) refers to 

the positive correlation of flower production and pollination efficiency. Under favorable 

conditions, either high initial flower production (flower masting) or high flower success (fruit 

maturation masting) will then lead to the mast seed crop (Pearse et al., 2016). On the other 

hand, poor seed crops are coupled with a low-flowering year due to limited pollen (Ashman 

et al., 2004; Knight et al., 2005; Satake and Iwasa, 2000). Pollination Moran effect (⑤	in Fig. 
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2- 2), on the contrary, is a density-independent process and suggests that meteorological 

conditions, which are commonly shared in large spatial scales (e.g. precipitation), limit the 

pollination efficiency or transition from flower to fruit (Koenig, 2002; Pearse et al., 2016). 

Under this condition, flowering and seeding is decoupled, individuals in the population 

experience similar unfavorable weather conditions, causing failure in pollination or transition 

from flower to fruit. This is associated poor crop production comparing to an abundant crop 

production during a mast year (Bogdziewicz et al., 2017a; García-Mozo et al., 2007; Koenig, 

2002; Koenig and Knops, 1998; Lyles et al., 2009). 

Variation of resources 

 Variation in flowers and seeds are difficult to explain using only meteorological 

conditions. Hence, more studies advocate considering resources (e.g. carbon, nitrogen, 

phosphorous, and potassium) and their limitations in reproduction that align with masting.  

Resource-budget model refers to the dynamics (depletion and accumulation) of inner 

resources where, (i) masting requires more resources than plants can gain in a single year, (ii) 

resources are accumulated over several years until it reaches threshold for the masting, and 

(iii) reproduction in the mast years depletes stored resources (⑦	in Fig. 2- 2) resulting in the 

next low-flowering year. 

Experimental tests were implemented to verify the source depletion hypothesis inside the 

plant. A study conducted by Crone et al. (2009) showed that plants, whose flowers were 

removed to prevent seed sets in the year, are able to flower again the following year due to 

larger nonstructural carbohydrate (NSC) stored within the plants. 

In proximate-level, weather cues affect the levels of 	𝐶𝑉,  and	𝑆, the two criteria for 

masting, due to its relation to hormonal regulation for the development in individuals, as well 
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as wider spatial consistency for synchronization in intra-individuals. On the other hand, 

resources of variation affect the level of 𝐶𝑉,	(Fig. 2- 1). 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

Fig. 2- 1 Direct effects of hypotheses for masting (𝐶𝑉,	: individual variability; 𝑆: among-
individuals synchrony). 

Fig. 2- 2 Conceptual cycle of proximate mechanisms in whole reproduction process and 
suggested hypotheses. 
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2.6 Predicting the annual airborne pollen 

 Factors regulating masting, weather cues, and inner resources, have been applied to 

studies predicting annual airborne pollen. 

2.6.1 Model of annual airborne pollen with only meteorological factors 

A number of studies have shown a strong relationship between meteorological conditions 

and annual airborne pollen. Winter chilling (Lavee, 2007) and rainfall (Galán et al., 2001) are 

good indicators for the synchronization of flowering in olive; rainfall and temperature were 

found to be important for pollen season intensity in oak (Garcia-Mozo et al., 2006), especially 

before or during the spring (Recio et al., 2018); weather conditions prior to the flowering year 

were revealed to have a strong correlation with flowering intensity in birch (Dahl and 

Strandhede, 1996; Emberlin et al., 1993; Ranta et al., 2008; Ranta et al., 2005; Rasmussen, 

2002; Stach et al., 2008). These studies support the notion that appropriate environmental and 

weather conditions are capable of inducing flower synchronization leading to higher annual 

airborne pollen. Pre-seasonal weather parameters are seen as robust references for flowering 

intensity and annual airborne pollen prediction. Numerous studies have presented the annual 

airborne pollen forecasting model based on a “resource matching” hypothesis, i.e., considering 

only weather conditions. Among them, linear regression is the most used (Garcia-Mozo et al., 

2014; Latałowa et al., 2002; Ranta et al., 2008; Subiza et al., 1992). 
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2.6.2 Model of annual airborne pollen with both biological and meteorological factors 

 Recent studies have highlighted the importance of integrating biological factors to predict 

annual pollen production, to influence of the nutritional status on flower production (Jochner 

et al., 2013). Followed the resource-budget model first proposed by Isagi et al. (1997), Masaka 

and Maguchi (2001) developed the model of masting behavior for birch (Betula platyphylla 

var. japonica) in Sapporo, incorporating biological and meteorological factors a year before 

flowering year, annual airborne pollen and weather conditions, using multiple linear regression. 

Using both biological and meteorological factors, most of the forecasting model of annual 

airborne pollen were built with multiple linear regression (Ritenberga et al., 2018), with little 

number of studies using other statistical method such as time series analyses including 

Seasonal and Trend decomposition using Loess (STL) and the Box-Jenkins method (Garcia-

Mozo et al., 2014). 

2.7 Stochastic model and hidden Markov model (HMM) 

As mentioned in 2.6.2, deterministic approach has to date been employed for predicting 

annual airborne pollen, in which the forecast is made entirely based on parameters. However, 

given the complexity of the masting mechanism (which has intrinsic stochastic properties); 

few attempts have been made to apply a stochastic model that considers the inter-annual 

airborne pollen variation as a stochastic process. 

In contrast to deterministic models, stochastic models provide an alternative approach for 

representing biological processes by formalizing the notion of uncertainty in the outcome of 

an experiment. The Markov decision process, a discrete stochastic process, is usually 
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employed to simplify the problems of recurrent events with the assumption that the current 

state depends only on the previous state with a transition probability (Bailey and Bailey, 1990). 

Since its introduction by Waggoner and Stephens (1970), the Markov model has been widely 

employed in plant ecology applications (Binkley, 1980; Van Hulst, 1979). The most ordinary 

type of Markov model, the stationary Markov model (SMM), has a probability distribution 

that remains unchanged in the Markov chain over time. It has been applied to describe the 

yield probabilities of wheat crops annually, since wheat yields in year 𝑖 can be a function of 

the yield in year 𝑖 − 1 (Bostwick, 1962). However, owing to the limitations of the model 

structure, the SMM requires that the ecological observations be represented directly by the 

model states.  

As an extension of the Markov model, the hidden Markov model (HMM) provides a 

framework to overcome the shortcomings of the SMM. The HMM is a doubly stochastic 

process including an unobservable Markov process and an output sequence depending on it. 

It is an example of a state-space model involving a discrete hidden state with continuous 

observation (continuous HMM) or discrete observation (discrete HMM). Its structure allows 

for the description of hidden processes (such as disturbance regimes) underlying the observed 

ecological dynamics (community states). Owing to its ability to recover a data sequence that 

is not observable, the HMM has been used increasingly in speech recognition (Baum et al., 

1970), biological sequence analysis (Churchill, 1989; Stultz et al., 1993; White et al., 1994; 

Yoon, 2009), and a wide range of applications, such as in psychology (Visser et al., 2009), 

finance (Thomas et al., 2002), and hydrology (Thyer and Kuczera, 2003a; Thyer and Kuczera, 

2003b). 

The HMM has also become the preferred approach for analyzing ecological problems 
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such as population dynamics, animal movements, and animal behaviors. It provides an 

approach for describing probabilistic dependence between the latent states and observation, 

which enables analysis of complex ecological dynamics governed by underlying hidden states 

that cannot be observed directly (Tucker and Anand, 2005). This enables tracking of the 

geolocation of animal movements from observable measurements (Jonsen et al., 2013; 

Langrock et al., 2012; Patterson et al., 2008; Woillez et al., 2016), and the determination of 

the phenomenology of behaviors from underlying mechanisms (Franke et al., 2004; Franke et 

al., 2006). The HMM has also been introduced in the field of atmospheric environment to 

predict the concentration of certain pollutants (Sun et al., 2013a; Sun et al., 2013b; Zhang et 

al., 2012). The applications mainly utilize the dependence of the doubly embedded stochastic 

process to predict hidden state sequences from observations. In such cases therefore, the 

subject of interest (concentration of air pollutants in the near future) is predicted using the 

previous hidden state (current concentration of air pollutants) and the observed measurements 

(key meteorological factors and precursors of pollutants). 
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3.1 Introduction  

The variance in pollen production is proved to be correlated with meteorological 

conditions in the previous summer and resource allocation and depletion (Section 2.5.3). 

Considering both of these factors, it can be concluded that both the quantity of male flowers 

produced (reflecting the source depletion) and the meteorological conditions of the previous 

year are necessary to define the male flowers abundance in a given flowering year. By utilizing 

the recursive characteristics of the foregoing relation, an algorithm that the annual airborne 

pollen can be predicted using only the meteorological conditions of multiple previous years 

was developed using regression model. 

Twenty years of airborne birch pollen data (1996–2015) from Hokkaido were used to 

construct and validate the proposed model. Moreover, from the forecast results, statistical 

evaluations were used to determine the most appropriate source month for the meteorological 

data, the most suitable number of years for these observations, and the optimal combination 

of meteorological elements necessary for accurate forecasts. 

3.2 Materials and Methods 

3.2.1 Study area 

A field experiment was conducted at the Hokkaido Institute of Public Health (43°4’55’’N, 

141°20’1’’E; elevation 25 m a.s.l.) in Sapporo, the largest city on the northern Japanese island 

of Hokkaido (Fig. 3- 1). Because of its coastal location, Sapporo has a humid continental 

climate with an average annual precipitation of about 1100 mm and a mean annual temperature 
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of about 8.5 °C. In spring, flowers bloom as the winter snow melts. Owing to the wide 

distribution of birch trees, the period from April to June is known as the tree pollen season, 

during which the occurrence of pollinosis is prevalent (60% of regional pollinosis cases) 

(Gotoda et al., 2001; Kobayashi et al., 1998; Takeuchi et al., 1999; Wagatsuma et al., 1972). 

 

 

 

 

 

 

 

 

 

3.2.2 Data 

In this study, pollen samples were obtained daily by using a Durham gravitational trap 

placed on a roof at the Hokkaido Institute of Public Health during April–June from 1996–2015. 

The sampling device collected airborne pollen on petrolatum-coated glass slides. The collected 

samples were dyed with gentian violet and glycerin, and the daily pollen concentration were 

counted under a microscope; observed pollen data represent the amount of deposited pollen 

grains (grains cm-2 d-1). Although I distinguished birch pollen from other species and other 

types of particles, all species within the genus Betula L. were considered a single group 

because of the difficulty of distinguishing different species based on morphological criteria. 

Fig. 3- 1 Location of the experimental observation site (Hokkaido Institute of Public 
Health) in the city of Sapporo on the northern Japanese island of Hokkaido. 
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The daily pollen concentration during the pollen season were summed to obtain the annual 

airborne pollen. 

Meteorological data for the summer months (May–August) were obtained from a station 

within the Japanese Automated Meteorological Data Acquisition System (AMeDAS). The 

AMeDAS station observed the following five meteorological elements: air temperature (°C), 

sunshine duration (h), solar radiation (W m-2), precipitation (mm), and relative humidity (%). 

Sunshine duration is defined as the time period during which direct solar irradiance exceeds 

120 W m-2. All data were collected at hourly intervals. 

3.2.3 Principle of the forecasting model 

The quantity of male flowers has a close relationship with the physiological growth 

conditions of the previous summer (Dahl and Strandhede, 1996) and the effects of masting 

behavior. Therefore, the quantity of male flowers in the current year i (𝐹,) can be formulated 

by considering the meteorological conditions of the previous year	(𝑀,-.) and the quantity of 

male flowers in the previous year (𝐹,-.) as follows: 

𝐹, = 𝑎𝑀,-. + 𝑏𝐹,-. + 𝑐, (3-1) 

where 𝑎, 𝑏, and 𝑐 are constant coefficients. However, the difficulty in counting the number 

of male flowers creates low reliability for 𝐹,-., which results in uncertainty for the value of 

𝐹, in 3-1. Furthermore, meteorological conditions are more representative of a region than the 

number of male flowers. Therefore, I replaced 𝐹,-. in the following equation: 

𝐹,-. = 𝑎𝑀,-> + 𝑏𝐹,-> + 𝑐. (3-2) 

By substituting 3-2 into 3-1, I derived a recurrence formula by repeating further substitution: 
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𝐹, = 𝑎𝑀,-. + 𝑏(𝑎𝑀,-> + 𝑏𝐹,-> + 𝑐) + 𝑐 
= 𝑎𝑀,-. + 𝑏𝑎𝑀,-> + 𝑏>𝐹,-> + 𝑏𝑐 + 𝑐 

= 𝑎𝑀,-. + 𝑏𝑎𝑀,-> + 𝑏>(𝑎𝑀,-? + 𝑏𝐹,-? + 𝑐) + 𝑏𝑐 + 𝑐 

𝐹, = 𝑎.𝑀,-. + 𝑎>𝑀,-> + 𝑎?𝑀,-? + 𝑎@𝑀,-@ +⋯⋯, (3-3) 

where ai are the constant coefficients. This means I can obtain the quantity of male flowers by 

considering only the weather conditions of previous years. 

3.2.4 Forecasting models: number of observation years (Model 1-6) and combinations of 

explanatory variables (A-F) 

Previous research has indicated that the number of catkins is proportional to the total 

amount of dispersed pollen (Ranta et al., 2008; Yasaka et al., 2009). Thus, I used 3-3 to develop 

two principal types of forecasting model (basic and extended) for annual airborne pollen, using 

related meteorological factors as regular attributes and the annual airborne birch pollen as the 

label attribute. A flow chart of the data processing methods is shown in Fig. 3- 2. 

Basic models 

By extending the number of observation years (from one year to six years), I established 

six models (Model 1 to Model 6). Model 1 forecasts the annual airborne pollen by referencing 

the meteorological conditions of the previous year, Model 2 was based on the meteorological 

conditions of the previous two years, Model 3 on the previous three years, and so on. Each 

basic model consisted of two meteorological factors: temperature (𝑇) and solar (𝑆). These 

were used as explanatory variables because of their close relationship with male flower 

formation.  
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The regression equation for Models 1 to 6 is written as: 

𝑌 = ∑ (𝑎,	𝑇, 	+ 𝑏,𝑆,)D
,E. + 𝑐	, (3-4) 

where 𝑌 is the annual airborne pollen and	𝑛 is the number of years of observation. 

The temperature factor comprises three variables: daily mean air temperature (𝑇GHID, °C), 

daily maximum air temperature (𝑇GIJ, °C), and daily minimum air temperature (𝑇G,D, °C). 

The solar factor consists of two variables: daily solar radiation (𝑆𝑅, MJ m-2) and sunshine 

duration (𝑆𝐷, h). Here, air temperature and solar radiation are monthly average values, and 

sunshine duration is the monthly summed value. Each variable of the temperature factor was 

combined with each variable of the solar factor to obtain six combinations of these factors in 

the basic models, named A, B, C, D, E, and F after the six combinations (Table 3- 1). These 

combinations were the foundations of the sub-models under each main model. Therefore, I 

had 6 (Models) × 6 (combinations) = 36 forecasting models. 

 

 

 

 

 

 

 

 

 

 Fig. 3- 2 Flow chart of data processing methods used to estimate annual airborne pollen 
from meteorological data. 
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Extended models 

To improve the predictive performance, I developed more complicated models by 

incorporating humidity factors into the basic models. These models were extended by 

integrating the humidity factors into Models 1–3. By adding the monthly total precipitation 

(𝑃, mm), monthly average relative humidity (𝐻, %), and both together (𝑃𝐻), I obtained three 

different models under each sub-model: 

𝑌 = ∑ (𝑎,	𝑇, + 𝑏,𝑆, + 𝑐,𝑃,)D
,E. + 𝑑, (3-5) 

𝑌 = ∑ (𝑎,	𝑇, + 𝑏,𝑆, + 𝑐,𝐻,)D
,E. + 𝑑, (3-6) 

𝑌 = ∑ (𝑎,	𝑇, + 𝑏,𝑆, + 𝑐,𝑃, + 𝑑,𝐻,)D
,E. + 𝑒, (3-7) 

where 𝑌 is the annual airborne pollen and	𝑛 is the number of observation years. 

3.2.5 Statistical indices for model performance 

Having obtained the forecast results from the regression equation of each model, I 

undertook a statistical evaluation to assess model performance using root mean square error 

(RMSE) and coefficient of determination (r2). The former shows the standard deviation of the 

difference between the observed and predicted values, while the latter provides a measure of 

how well the model replicates the observed outcomes (i.e., goodness of fit). Three types of 

evaluation were applied, according to the period considered: regression, forecast, and 

estimation. Regression evaluations were implemented to determine how well the observed 

pollen data of the training set (1996–2010) fitted the models by comparing the estimated 

results with the observed pollen data. Forecast evaluations were undertaken to assess the 

strength and utility of a predictive relationship by examining the difference between the 
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forecast results and observed pollen data of the test data set (2011–2015). Estimation 

evaluations were performed to establish the overall (1996–2015) performance of each model. 

Hence, there were 3 (evaluation types) × 2 (statistical indices) = 6 evaluation indices. It should 

be noted that values of adjusted-r2 were calculated only in the regression evaluations. Among 

the six evaluation indices, I especially focused on adjusted-r2 in regression evaluation and 

RMSE in forecast evaluation for judging model performance, as they are applicable criteria 

for model selection (Phillips, 1995; Raftery et al., 1997). 

 

 

 

Sub-models Independent variables 

A 𝑇GHID	and 𝑆𝐷 

B 𝑇GIJ and 𝑆𝐷 

C 𝑇G,D and 𝑆𝐷 

D 𝑇GHID and 𝑆𝑅 

E 𝑇GIJ and 𝑆𝑅 

F 𝑇G,D and 𝑆𝑅 

 

 

 

 

 

Table 3- 1 The six combinations of temperature factor (𝑇) and solar factor (𝑆) in each basic model 
(𝑆𝐷: sunshine duration, 𝑆𝑅: solar radiation). 
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3.3 Results 

3.3.1 Temporal change in the annual airborne birch pollen 

Figure 3-3 presents the temporal changes in annual airborne birch pollen from 1996–

2015. The pollen concentration in this period were highly variable, fluctuating between 141 

and 3299 grains cm-2, with an annual mean value of 1146 grains cm-2. In addition, high pollen 

dispersal in one year was always followed by lower levels of airborne pollen the following 

year, irrespective of the suitability of the meteorological conditions for male flower production 

in the previous year. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3- 3 Temporal variation of annual airborne birch pollen from 1996–2015 at the study site. 
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3.3.2 Selection of the seasonal period used for meteorological data analysis 

The explanatory variables adopted in the forecasting models were the monthly data of 

meteorological elements. In order to establish the most suitable period of meteorological data, 

I used r2 as an index with which to examine the goodness of fit of each basic model. Figure 3-

4 shows the average regression r2 (adjusted-r2) of each basic model built with meteorological 

data from the summer months (May–August). It is evident that the forecasting models 

achieved the highest accuracy when using meteorological data from June (values of r2 of the 

analysis results in other months were <0.3). This result corresponds to the physiological fact 

that meteorological conditions in June are especially important for male flower production. 

Hence, all further results shown in this paper are based on models built using meteorological 

data from June. 
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Fig. 3- 4 Average regression r2 (adjusted-r2) results for each basic model built with 
meteorological data for the summer months (May–August). 
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3.3.3 Performance evaluation of basic models 

To select the most appropriate period of observation to predict the annual airborne pollen, 

I performed a statistical evaluation of each sub-model of each basic model. The results of the 

regression, forecast, and estimation evaluations are shown in Fig. 3- 5. The statistical values 

for each model were averaged over the six sub-models. The regression r2 showed an increasing 

tendency from Model 1 to Model 3 and a decreasing tendency from Model 3 to Model 6 (Fig. 

3- 5a). As the value of the adjusted-r2 is not susceptible to the number of explanatory variables, 

this trend shows that the meteorological conditions of the previous three years are important 

for male flower formation. The trend of the estimation r2 depicted a similar pattern of increase 

from Model 1 to Model 3. However, it remained at the same level for Model 4, reached its 

highest value for Model 5, and subsequently declined for Model 6. The forecast r2 also 

presented a rising trend from Model 1 to Model 3, reached a peak for Model 5, and declined 

from Model 5 to Model 6.  

The regression RMSE steadily declined from Model 1 to Model 6, a pattern attributable 

to the increase in the number of explanatory variables (Fig. 3- 5b). The forecast and estimation 

RMSEs showed the lowest values for Model 5. Model 1 did not fit the observed or forecast 

data well, but Models 3 and 4 showed better performances than most other models, with higher 

regression r2 and lower forecast RMSE values. Model 5 had the lowest values for the forecast 

and estimation RMSEs, meaning that it had the best predictive performance of all the models. 

The above results for the relationship between model performance and the number of 

observation years show that forecasting models built using the meteorological conditions in 

the previous three (Model 3), four (Model 4), and five (Model 5) years achieved the best 
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performance. Analysis of the statistical data for these models revealed the optimum 

combination of meteorological elements for the prediction of the pollen amounts (Table 3- 2). 

For Model 3, Model 3E had the highest regression r2 (0.78), forecast r2 (0.95), and estimation 

r2 (0.77) and the lowest regression RMSE (260 grains cm-2), forecast RMSE (675 grains cm-

2), estimation RMSE (406 grains cm-2). For Model 4, Model 4E had the highest regression r2 

(0.71) and estimation r2 (0.77) and the lowest regression RMSE (256 grains cm-2), forecast 

RMSE (686 grains cm-2), and estimation RMSE (409 grains cm-2), although Model 4D had 

the highest forecast r2 (0.84). For Model 5, Model 5E had the highest regression r2 (0.62), 

forecast r2 (0.93), and estimation r2 (0.83) and the lowest regression RMSE (241 grains cm-2), 

forecast RMSE (592 grains cm-2), and estimation RMSE (362 grains cm-2). Thus, combination 

E (i.e., 𝑇GIJ and solar radiation) produced the best estimation results. Figure 3-6 shows the 

full forecast results for Model 5E. 

As stated above, Model 3E had the best performance with six input variables and 

achieved the highest regression r2 (0.78) and a low forecast RMSE (675 grains cm-2) when 

built with 𝑇GIJ and solar radiation for the previous three years. Model 5E, which was built 

with 10 input variables and the same combination of meteorological elements, also showed 

accurate results with a regression r2 of 0.62 and the lowest forecast RMSE (592 grains cm-2); 

it produced similar temporal variation to that in Model 3E. These results clarify that a model 

with high predictability can be constructed using meteorological conditions from previous 

years. 

 

 

 



 

 

 

A deterministic algorithm for predicting annual airborne pollen 

 33 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8
M

od
el

 1

M
od

el
 2

M
od

el
 3

M
od

el
 4

M
od

el
 5

M
od

el
 6

r2

Regression Forecast Estimationa)

Fig. 3- 5 Performance evaluation of each model: (a) average value of regression r2, 
forecast r2, and estimation r2; (b) average value of regression RMSE, forecast RMSE, 
and estimation RMSE. 



 

 

 

Chapter 3 

 34 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3- 6 Forecast results for Model 5E (period of the training data set: 1996–2010; period 
of the test data set: 2011–2015): (a) scatter plot between observed data and forecast 
results; (b) annual changes in observed data and forecast results. 

b) 
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Adjusted
r2

RMSE r2 RMSE r2 RMSE

A 0.71 297 0.08 1058 0.52 588
B 0.70 303 0.14 990 0.55 560

Model C 0.75 275 0.13 1036 0.55 570
3 D 0.67 320 0.76 793 0.67 484

E 0.78 260 0.95 675 0.77 406
F 0.57 361 0.16 963 0.53 574
A 0.62 294 0.08 1038 0.53 578
B 0.60 302 0.14 977 0.56 554

Model C 0.68 269 0.11 1013 0.56 558
4 D 0.57 315 0.84 797 0.68 483

E 0.71 256 0.83 686 0.77 409
F 0.46 353 0.12 1002 0.51 587
A 0.47 285 0.15 994 0.57 555
B 0.42 298 0.19 946 0.59 539

Model C 0.56 261 0.19 985 0.60 542
5 D 0.38 307 0.86 719 0.73 447

E 0.62 241 0.93 592 0.83 362
F 0.24 342 0.13 1060 0.49 607

Regression Forecast Estimation

Table 3- 2 Model performance evaluation (r2 and RMSE (grains cm-2)) for each basic model  
(regression, forecast, and estimation). 
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3.4 Discussions 

Dahl and Strandhede (1996) indicated that male flower development is regulated by the 

photosynthetic energy produced from May to late June, while Yli-Panula et al. (2009) reported 

a high correlation between annual airborne birch pollen and both monthly temperature and 

rainfall in June of the previous year. In this study, I aimed to determine which month has the 

greatest influence on male flower formation during the development period. Our forecasting 

models achieved the highest accuracy when using meteorological data from June, while 

meteorological data from other months produced much poorer results. 

It might be considered inappropriate to predict the annual airborne pollen based only on 

the meteorological conditions of the previous year, given the low performance shown by 

Model 1 (all regression r2 values <0.55). This deficiency in single-year models may be 

associated with the production fluctuations resulting from masting behavior, which also 

influences fluctuations in annual airborne pollen over different years. 

Our results showed that model performance increased as the number of observation years 

increased from one to five, although performance decreased in the sixth year. These results 

illustrate the importance of multi-year meteorological conditions on plant growth. The optimal 

forecasting model was chosen by statistical analysis of the regression (r2) and forecasting error 

(forecast RMSE) for each model. Model 3E had the highest regression r2 and a low forecast 

RMSE with six variables, and Model 5E had a high regression r2 value and the lowest forecast 

RMSE with 10 variables.  

The principal idea behind this study (replacing the quantity of male flowers with data on 

meteorological conditions during previous years) was validated by forecast results from the 
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models developed. As water stress has been identified as an important environmental factor 

regularizing masting behavior (Abrahamson and Layne, 2003; Espelta et al., 2008; Piovesan 

and Adams, 2001), precipitation and relative humidity were added to improve the models. 

Statistical values for each model were averaged over six sub-models; the results of the 

regression r2 and forecast RMSE are shown in Fig. 3- 7 for precipitation, relative humidity, 

and both factors together. In both Model 2 and Model 3, the performances of both indices 

increase compared with the basic model when relative humidity is taken into consideration. A 

detailed performance evaluation (r2 and RMSE) of each model incorporating humidity is 

shown in Table 3- 3. Considering the actual forecasting ability, the most important index 

affecting model performance is RMSE in forecast evaluation. The optimum performance 

(forecast RMSE = 593 grains cm-2) occurred when the average daily maximum air temperature, 

solar radiation, and relative humidity of the previous three years were incorporated (Model 

3EH, Fig. 3- 8). This finding is in agreement with previous research indicating that three years’ 

weather data can provide a robust data set for the simulation of long-term mean yields for 

major cereal crops (Van Wart et al., 2015). 

Although most observed and estimated data match up well in each year, clear mismatches 

occurred from 2011–2015; I suggest several potential reasons for this. First, errors may be 

caused by assumptions within the forecasting model. Although I rationally supposed that the 

amount of male flowers is proportional to the annual airborne pollen, the total dispersal 

amount is also affected by the temporal weather conditions during the peak period. Second, 

errors may be caused by the spatial representativeness of the observed pollen concentration in 

the subject area. Unusual peak or bottom values for pollen concentration might result from 

poor spatial representativeness. Third, the size of training data is relatively small for building 
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the models, Model 5E and Model 3EH, which have the lowest forecast RMSE. These matters 

remain problematic and should be resolved in future research. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Adjusted
r2

RMSE r2 RMSE r2 RMSE

AP 0.59 278 0.07 1092 0.50 597
BP 0.58 282 0.08 1081 0.51 593

Model CP 0.61 272 0.12 1002 0.57 553
3 DP 0.50 310 0.87 840 0.65 498

+Prec. EP 0.65 257 0.96 699 0.77 414
FP 0.37 346 0.13 952 0.54 563
AH 0.92 123 0.46 804 0.76 416
BH 0.90 137 0.49 762 0.78 399

Model CH 0.78 206 0.33 951 0.67 508
3 DH 0.90 137 0.50 755 0.78 396
+RH EH 0.93 118 0.67 593 0.86 314

FH 0.70 239 0.38 978 0.64 531
APH 1.00 15 0.52 1010 0.74 505
BPH 0.98 38 0.51 1012 0.74 507

Model CPH 0.95 60 0.40 1306 0.64 655
3 DPH 0.88 96 0.52 730 0.80 374

+Prec. EPH 0.98 39 0.63 673 0.84 338
+RH FPH 0.80 122 0.55 891 0.74 458

Regression Forecast Estimation

Table 3- 3 Model performance evaluation (r2 and RMSE (grains cm-2)) for each model 
incorporating humidity (regression, forecast, and estimation). Humidity factors are 

precipitation (𝑃), relative humidity (𝐻), and both together (𝑃𝐻). 
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Fig. 3- 7 Performance evaluation of each model incorporating humidity: (a) average 

regression r2 and (b) average forecast RMSE (𝑃: precipitation, 𝐻: relative humidity, and 
𝑃𝐻: both together). 
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Fig. 3- 8 Forecast results for Model 3EH (period of the training data set: 1996–2010; 
period of the test data set: 2011–2015): (a) scatter plot between observed data and forecast 
results; (b) annual changes in observed data and forecast results. 
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3.5 Conclusions 

Based on observational data and a series of forecasting tests, I confirmed that weather 

conditions in June are crucial for male birch flower production and that the meteorological 

conditions in June of the previous year are suitable for predicting the amount of birch pollen 

in the following year. However, I also found it insufficiently accurate to estimate the annual 

airborne pollen using only meteorological data from the previous year because high pollen 

dispersal in one year always causes a lower level of airborne pollen in the following year, 

irrespective of the suitability of meteorological conditions for male flower production in the 

previous year. Our results showed that the basic forecasting models obtained the highest 

accuracy when using meteorological data from June, and the best model performance was 

achieved by using the average daily maximum air temperature and solar radiation from the 

previous five years. Furthermore, the best forecast results for the extended model were 

achieved using the monthly average of daily maximum air temperature, solar radiation, and 

relative humidity from the previous three years. 

In this paper, I verified the applicability of the principle explained in Section 3.2 to the 

forecasting of annual airborne pollen in a season. This approach can provide a useful 

foundation for other studies aimed at investigating the annual amount of airborne pollen in 

countries for which pollinosis is a problem. However, this algorithm was only proven to be 

valid for a single species in a specific region at present. Future research should examine the 

general applicability of the forecasting model in other regions; the model performance would 

also be improved with data sets spanning longer time frames. 
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of topography on spatial representativeness of airborne pollen data. Atmos. Environ. 2019; 212: 153-162. 
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4.1 Introduction 

In Chapter. 3, based on the proximate-level hypothesis that annual airborne pollen can be 

predicted by meteorological conditions and biological conditions in the previous year, I used 

the recursive characteristics of the hypothesis to develop an algorithm for the prediction of 

annual airborne birch pollen amount using only meteorological conditions from multiple 

previous years with multiple regression (Tseng et al., 2018); this was validated in a flat region 

of Hokkaido, Japan (25 m a.s.l.). 

As models are often lacking of versatility with regard to applications in other research 

fields (Chuine et al., 1999), it is important to examine and clarify the applicability of this 

forecasting model to determine its overall feasibility and the causes of any limitations. In this 

study, the applicability of the forecasting model to monitoring sites in mountainous areas of 

Switzerland, where birch trees are also the major pollen-allergen-producing tree, was analyzed. 

Furthermore, the topographical features around the monitoring sites were suggested to 

influence on the spatial representativeness of airborne pollen data and associated model 

applicability. 

4.2 Materials and Methods 

4.2.1 Study area and data 

Switzerland’s landscape encompasses a wide range of topography within three basic 

divisions: the Jura Mountains, the Swiss Plateau, and the Alps (covering 65% of the country’s 

surface). The region’s climate varies significantly by location, with observed average annual 
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temperature ranging from -7.2–12.4 °C and observed average annual precipitation ranging 

from 545–2837 mm. The Jura mountains, Swiss Plateau, and the lower north slopes of the 

Alps are situated within the transition zone between temperate oceanic and humid continental 

climates; these areas are mainly influenced by the high Alps and the Atlantic Ocean. In 

comparison, the south side of the Alps is most affected by the Mediterranean Sea, resulting in 

a temperate oceanic climate. Higher-altitude regions experience polar or subarctic climates. 

Airborne pollen sampling data for nine Swiss cities (Table 4- 1) were acquired from the 

Federal Office of Meteorology and Climatology (MeteoSwiss). The concentration of airborne 

birch pollen grains was measured using the volumetric method with a Burkard pollen trap 

(Hirst design) during birch pollen season (March—May) (Gehrig et al., 2018) from 1997–

2016. Meteorological data for climatic variables that facilitate male flower formation were 

also acquired from MeteoSwiss, covering 1991–2015. Temperature (T, °C) factors included 

monthly average air temperature calculated from daily mean air temperature (𝑇GHID), daily 

maximum air temperature (𝑇GIJ), and daily minimum air temperature (𝑇G,D); solar (S) factors 

consisted of monthly total sunshine duration (𝑆MNOIP,QD , h) and monthly mean daily solar 

radiation (𝑆OIM,IP,QD , MJ m-2). 

 

 

 

 

4.2.2 Algorithm for forecasting annual airborne pollen using meteorological data 

Masaka and Maguchi (2001) and Ranta et al. (2008) emphasized the importance of 

Table 4- 1 Geographical information for nine observation sites in Switzerland (sorted by elevation). 
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considering both the physiological growth conditions of the male flower and the effects of 

masting behavior for annual airborne pollen prediction of anemophilous trees to achieve robust 

results. The annual airborne pollen in year n can be therefore estimated based on 

meteorological conditions in summer in the year n-1 and the amount of male flowers in n-1.  

    Our model considered annual airborne pollen as the response variable (assuming that this 

was representative of the average airborne pollen concentration in a certain region) and 

meteorological conditions in the previous summer ( 𝑀 ) as the explanatory variable. 

Temperature and sunlight were used since they have a direct influence on the amount of 

resources available for the induction of catkin development produced by photosynthesis 

(Kikuzawa, 1983; Koike, 1988). However, the number of explanatory variables was not 

always consistent, depending on the number of observation years. Input data information can 

be summarized as follows: 

𝑆𝑃𝐼	 = 	(𝑆𝑃𝐼(.RRS), 𝑆𝑃𝐼(.RRU), 𝑆𝑃𝐼(.RRR), … , 𝑆𝑃𝐼(>W.X))Y  (4-1) 

𝑀	 = 	(𝑀(.RRS),𝑀(.RRU),𝑀(.RRR), 	 … ,𝑀(>W.X))Y  (4-2) 

where 𝑆𝑃𝐼(Z)	is annual airborne pollen in year j, 𝑀(Z) is ∑ (𝑇Z-, + 𝑆Z-,)G
,E. , and 𝑚 is the 

number of observation years before year j. 

    By extending m from one year to five years, I established five models: Model 1 forecasts 

the annual airborne pollen by referencing the meteorological conditions of the previous year, 

Model 2 does the same based on the previous two years, and so on. Each temperature factor 

was combined with each solar factor to obtain six combinations in the basic models: 𝑇GHID 

and 𝑆MNOIP,QD , 𝑇GIJ  and 𝑆MNOIP,QD , 𝑇G,D	and 𝑆MNOIP,QD , 𝑇GHID  and 𝑆OIM,IP,QD , 𝑇GIJ 
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and 𝑆OIM,IP,QD , 𝑇G,D  and 𝑆OIM,IP,QD , renamed A, B, C, D, E, and F, respectively. These 

combinations were the foundations of the sub-models under each main model, producing a 

total of 5 models (Model 1 – Model 5) × 6 combinations (A, B, C, D, E, F) = 30 forecasting 

models. 

4.2.3 Applicability indices for the forecasting models at observation sites 

To achieve fair evaluations of the forecasting model in different regions, I followed the 

same principles as in our previous study (Tseng et al., 2018) by evaluating model applicability 

at the nine observation sites using the coefficient of determination (r2) and root mean square 

error (RMSE). The former provides a measure of how well the model replicated the observed 

variation pattern while the latter shows the standard deviation of the concentration errors 

forecasted by the model. According to the period considered, three types of evaluation were 

applied: regression, estimation, and forecast evaluation (values of adjusted r2 were calculated 

only in the regression evaluation). The regression r2 and forecast RMSE were noted in the 

analysis process due to their ability to quantify explanatory power and predictive power 

directly. In this paper, r2 and RMSE represent maximum regression r2 and minimum forecast 

RMSE, respectively, among the 30 sub-models at an observation site if no specific annotation 

states otherwise. 

4.3 Results 

4.3.1 Annual variation in annual airborne pollen 

The averages and standard deviations of observed annual airborne pollen from 1997–
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2016 at the nine observation sites (Fig. 4- 1) show that annual airborne pollen values in Lugano, 

Locarno, Zürich, and Bern were highly variable, with average values from around 8000 grains 

m-3 to above 10000 grains m-3. In contrast, annual airborne pollen values at other sites had 

lower variations with average values below 6000 grains m-3. 

4.3.2 Selection of optimum month of meteorological data for forecasting model 

I used meteorological data from summer months (May–August) to predict annual 

airborne pollen for airborne birch pollen. In order to determine the optimum month for such 

predictions, I identified which month’s meteorological data led to the highest r2 and lowest 

RMSE at each site, then summed the results (Fig. 4- 2). Of the nine monitoring sites, seven 

recorded the highest r2 and six recorded the lowest RMSE in June. Thus, meteorological data 

from June are a good fit for the forecasting model and have higher predictive power. 

4.3.3 Examples of forecasting results 

To eliminate factors causing uncertainty in the spatial representativeness of the observed 

airborne pollen data, I selected Basel and Locarno as examples of our forecasting results, as 

they had more positive regression r2 in different models. Figure 4-3 shows the regression r2 

and the forecast RMSE of each model with meteorological data from different months in Basel 

and Locarno. In Basel (Fig. 4- 3a), meteorological data from June resulted in obviously higher 

r2 in four of the five models (highest in model 4) and the lowest RMSE in model 3. In Locarno 

(Fig. 4- 3b), meteorological data from June resulted in obviously higher r2 in two of the five 

models (two others were highest in August), while the highest r2 for June occurred in model 

5. RMSE was lowest in June for three of the five models, with the lowest overall value in 
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model 5. Scatter plots and annual changes in observed and forecasted data from Basel (Model 

3F) and Locarno (Model 5F) (Fig. 4- 4) clearly replicate the fluctuations and intermittent peaks 

of annual airborne pollen in forecast data at both sites despite their different annual airborne 

pollen ranges. 
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Fig. 4- 1 Averages and standard deviations of observed annual airborne pollen 

(𝑆𝑃𝐼) from 1997–2016 at the nine observation sites. 

Fig. 4- 2 Number of sites with an optimal prediction result from meteorological 
data by month for: (a) r2, (b) RMSE. 
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Fig. 4- 3 Regression r2 (adjusted-r2) and forecast RMSE for each model built with 
meteorological data for the summer months (May–August) for birch pollen in: (a) 
Basel, (b) Locarno. 
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Fig. 4- 4 Scatter plots and annual changes in observed and forecasted data for (a) Basel (Model 3F), 
(b) Locarno (Model 5F). 

 

(a) 
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Fig. 4- 4 Scatter plots and annual changes in observed and forecasted data for (a) Basel 
(Model 3F), (b) Locarno (Model 5F). 

(b) 
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4.3.4 Applicability of the forecasting models at the nine observation sites 

The overall results showed that the forecast models in some regions had higher r2 and 

lower RMSE, or vice versa. Further analysis showed a clear positive relationship between 

annual airborne pollen and RMSE for all sites except Lugano, but no clear relationship 

between annual airborne pollen and r2 (Fig. 4- 5). The spatial distribution of RMSE in the 

study area (Fig. 4- 6) shows that sites in the west had relatively lower RMSE values. 

A scatter plot of r2 and RMSE for all nine observation sites (Fig. 4- 7) showed a clear 

negative trend correlating r2 and RMSE for Zürich, Bern, Locarno, Basel, and Luzern. The 

forecasting models for these sites had either higher r2 and smaller RMSE, or vice versa. Of the 

other four sites, Lugano plotted to the upper right with higher r2 and RMSE values, while 

Luasanne, Genève, and Neuchâtel plotted to the lower left with lower r2 and RMSE values. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4- 5 Scatter plot of annual airborne pollen and RMSE for the nine observation sites. 
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Fig. 4- 6 Spatial distribution of forecast RMSE (grains m-3) for the nine observation 
sites. 

Fig. 4- 7 Scatter plot of r2 and RMSE for the nine observation sites with relationship 
groupings. 
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4.4 Discussions 

Our results showed that in some monitoring sites, the amount of airborne pollen can be 

predicted accurately using our previously developed algorithm with a suitable source month 

for meteorological data, sufficient observation years, and appropriate combinations of 

meteorological elements. Also, as in our previous study (Tseng et al., 2018), I found that 

prediction accuracy was highest when using meteorological data from June, when the 

initiation and growth of male catkins in Betula spp. occurs (Dahl and Strandhede, 1996). 

 The forecasting model assumes that meteorological and airborne pollen data are 

representative of the subject area. Based on the theory that the geospatial scale of meteorology 

is directly related to its timescale (Smagorinsky, 1974), I considered the meteorological data 

adopted in this study to be spatially representative of a wide region given their status as 

average or cumulative monthly data. On the contrary, the spatial representativeness of airborne 

pollen data remains ambiguous due to quantification difficulties. Therefore, I considered the 

spatial representatives of airborne pollen data to be a primary factor that can influence the 

applicability of the forecasting models. 

By observing the prediction performance of the models at different sites, I found that sites 

at lower altitude (such as Basel and Locarno) had better performance than sites at higher 

altitude, suggesting that altitude and terrain complexity surrounding the monitoring sites may 

be factors influencing model performance. I therefore investigated the influence range of 

topography by calculating the average altitude and the standard deviation of altitude within a 

radius of 1–100 km around the monitoring sites in order to assess the relationship between 

topographical features and model performance (regression r2 and forecast RMSE). In order to 
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investigate the influence of topography on observed pollen concentration itself, I adopted 

forecast RMSE instead of normalized one. Also, indices of model performance were the 

average values of r2 and RMSE for the 30 sub-models at each site to determine more general 

impacts of topographical features on model applicability. 

4.4.1. Relationship between r2 and topography 

Variations in the correlation coefficient between mean altitude (AM) calculated from 

different radiuses and the average regression r2 (Fig. 4- 8a) showed that a negative correlation 

between the two was especially apparent within 10 km of the observation sites; the highest 

negative correlation (-0.827) was found at 1 km (Fig. 4- 8b). Following reasons for this 

correlation between higher altitude and lower model accuracy were suggested: 

(i) At higher altitudes, local topographical features tend to induce specific wind 

phenomena like mountain and valley winds (Oke, 2002). 

(ii) Such local wind fields affect observed airborne pollen concentrations by introducing 

deviations from the area’s average concentration. 

(iii) These deviations lead to lower spatial representativeness at a local scale, so the 

forecasting model’s accuracy decreases as the altitude increases. 

This negative correlation held true except for one site (Genève) that plotted further from the 

regression line (Fig. 4- 8b), which may have been influenced by local environmental 

conditions such as urban land use. Other cases of inhomogeneous pollen distribution caused 

by local wind patterns have been reported (Maya-Manzano et al., 2017). In addition, a previous 

study in Switzerland showed that a considerable amount of pollen transport can occur between 
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different altitudes (Gehrig et al., 2011). 

 

 

 

 

 

 

 

 

 

 

 

4.4.2. Relationship between RMSE and topography 

Variations in the correlation coefficient between the standard deviation of altitude (𝑆𝐷) 

calculated from different radiuses and the average forecast RMSE (Fig. 4- 9a) showed a clear 

increasing trend of correlation from 30–100 km and a consistently high correlation value (r > 

0.65) from 70–100 km; the highest positive correlation (0.675) was found at 96 km (Fig. 4- 

9b). I suggest the following reasons for this correlation between higher complexity of terrain 

and higher prediction errors: 

(i) The strength of convective mixing in the Atmospheric Boundary Layer (ABL) tends 

to increase in meso-scale regions with higher terrain complexity (Oke, 2002). 
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Fig. 4- 8 Relationship between r2 and radius from site used for averaging altitude: (a) 
Change in correlation coefficient between the performance of the models (regression r2) 
and topographical features (mean altitude), (b) Study sites plotted by r2 and mean altitude 
at 1 km radius at the highest negative correlation coefficient (r = - 0.83) found in (a). 
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(ii) Observed airborne pollen concentrations are affected by meso-scale pollen dispersal 

induced by active convective mixing, thus deviating from the average concentration in 

the meso-scale region. 

(iii) This deviation leads to lower meso-scale spatial representativeness, such that the 

forecasting model’s accuracy decreases as the terrain complexity increases. 

This positive correlation can be further decreased by the effect of surrounding 

environmental conditions. For instance, the large lake adjacent to Neuchâtel and Lausanne can 

help explain their location below the regression line (Fig. 4- 9b). 

 

 

 

 

 

 

 

 

 

 

 

Based on the assumptions discussed above, I assumed that the applicability of the 

forecasting models as only influenced by the spatial representatives of the airborne pollen data. 

The varying applicability of the models at different monitoring sites can be explained by 
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Fig. 4- 9 Relationship between RMSE and radius from site used for determining altitude standard 
deviation (SD): (a) Change in correlation coefficient between the performance of the models 
(forecast RMSE) and topographical feature (SD), (b) Study sites plotted by RMSE and SD in altitude 
at 96 km radius at the highest positive correlation coefficient (r = 0.68) found in (a). 
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variable topographical conditions at each site. Other studies have considered the transportation 

of air pollutants by local wind field or convective mixing, which can also cause heterogeneous 

concentrations in the air (He et al., 2014; Jazcilevich et al., 2005; Liao et al., 2017; Miao et al., 

2015; Palau et al., 2005; Triantafyllou and Kassomenos, 2002). I therefore suggest that r2 and 

RMSE reflect the deviations in airborne pollen concentration caused by the effect of 

transportation in complex terrain at local and meso-scales, respectively. 

4.5 Conclusions 

Considering the common lack of versatility in annual airborne pollen forecasting models, 

I validated the applicability of the pollen prediction algorithm developed in our previous study 

by utilizing pollen data from nine observation sites with different topographical characteristics 

in Switzerland. I found a great variation in model applicability among the monitoring sites: 

accurate predictions could be made at some monitoring sites by using a suitable source month 

for meteorological data, sufficient years of observations, and a combination of meteorological 

elements with representative data, but this was not the case at other sites. I suggest that the 

mismatches in observed and estimated data at some monitoring sites may have been caused 

by the influence of topographical features. At higher-altitude monitoring sites, the local spatial 

representativeness of airborne pollen declines due to the influence of local climate factors. On 

the other hand, dispersal conditions in the atmospheric boundary layer may undermine the 

meso-scale representativeness of airborne pollen at monitoring sites with higher terrain 

complexity (Fig. 4- 10). In addition to topographical features, surrounding surface types may 

also cause further influence on the spatial representativeness of pollen data. Our study provides 
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a reference approach for determining the spatial representativeness of airborne pollen data by 

applying a pollen forecast algorithm. 

 

 Topography à Noise factor à Spatial representativeness of airborne pollen data

Local scale
(Order: 1 km – 10 km)

Meso-scale
(Order: 10 km – 100 km)

Higher altitude location Higher terrain complexity

Local wind à Noise factor 

Convective mixing in atmospheric boundary layer à Noise factor

Fig. 4- 10 Schematic diagram for concluding remarks on spatial representativeness of airborne 
pollen data. 
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5.1 Introduction 

The motivations for using the HMM are as follows: (i) Mast flowering is inherently 

stochastic; thus, using the Markov process simplifies its prediction. (ii) The HMM easily 

integrates other factors correlated with the stochastic (Markov) process for predicting the next 

state. In addition, the probability of each outcome in the next state can be estimated from 

parameters. Therefore, based on the physiological mechanism behind the masting, I propose 

an alternative stochastic approach, HMM, to predict the annual airborne pollen. In the model, 

I assume the variation of annual airborne pollen to be a hidden Markov process considering 

the intrinsic stochastic properties in the masting, designating meteorological conditions in the 

previous summer as observable variables to recover the intra-annual variation in the annual 

airborne pollen. This study was conducted with the following objectives: (i) To parameterize 

the masting phenomenon and the relationship between male flower and the meteorological 

conditions in the previous summer using transition probability and emission distribution, 

respectively. (ii) To validate the performance of the stochastic model in annual airborne pollen 

prediction. 

5.2 Materials and Methods 

5.2.1 Study area 

The monitoring work was conducted in Sapporo, the largest city on the northern Japanese 

island of Hokkaido. Sapporo is located in the transitional zone between the northern temperate 

zone and subarctic zone, which represents the floristic composition of forests similar to that 
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of Europe and eastern North America at the genus level (Maekawa, 1974). Quercus, Acer, 

Tilia, Fagus, and Betula, for example, are common woody flora in such areas. Three forest 

types appear across the area: the cool-temperate forests, boreal forests, and subalpine forests 

(Ishizuka, 1974). Sapporo has a humid continental climate with an average annual 

precipitation of approximately 1100 mm and a mean annual temperature of approximately 8.5 

°C due to its coastal location. The major source of allergenic pollen is the birch tree, which 

flowers from April to June, during which period widespread pollinosis occurs (Takeuchi et al., 

2013). 

5.2.2 Input data 

A Durham gravimetric pollen sampler (Durham, 1946) was placed on a roof at the 

Hokkaido Institute of Public Health (43°4′55′′ N, 141°20′1′′ E; elevation: 25 m above sea level) 

during the months April–June from 1996 to 2017 to measure the amount of deposited birch 

pollen grains (grains cm−2 d−1).  In the counting process, based on morphological criteria, I 

distinguished birch pollen from others and considered all species within the genus Betula L. 

as the measuring object. The daily pollen concentration during the pollen season was summed 

to obtain the total annual pollen concentration. The pollen data obtained from the Durham 

gravimetric sampler have been proven to exhibit a similar trend to data from the Hirst 

volumetric sampler (Bricchi et al., 2000; Kishikawa et al., 2009). 

Meteorological data were obtained from a station within the Japanese Automated 

Meteorological Data Acquisition System (AMeDAS). The AMeDAS station observed the 

following daily meteorological elements: mean air temperature (𝑡I]^ , °C), maximum air 

temperature (𝑡GIJ , °C), minimum air temperature (𝑡G,D , °C), sunshine duration (sd, h), solar 
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radiation (sr, MJ m-2), precipitation (prec, mm), vapor pressure (vaporp, hPa), and relative 

humidity (rhum, %). All data were collected at daily intervals. 

5.2.3 Feature selection 

Feature selection was implemented before the model training process to determine the 

most relevant meteorological variables for male flower formation before the flowering year. 

The process to determine features that were highly correlated with the annual airborne pollen 

but exhibited low correlation to each other involved two steps: (i) Selection of the optimized 

agglomeration period, as described in Oteros et al. (2019). Instead of using simple monthly 

meteorological data, for each variable, I used the average over an optimized agglomeration 

period before the flowering year as the candidate input data. By moving the start date of the 

time-window from the 1st to the 30th of May, June, and July with variable length (number of 

days) from 14 to 30 days, I calculated the Pearson correlation coefficient of the annual data of 

annual airborne pollen and the average of the variable over each time-window. The optimal 

agglomeration period was then specified as the periods of occurrence of the maximum positive 

and minimum negative correlation coefficients, which can explain most effectively the year to 

year variation of pollen abundance. (ii) Elimination of one of two features having a high 

correlation: Subsequently, the correlations of each pair of features selected in (i) were 

calculated. One of the two features that had a correlation larger than 0.6 was removed, and the 

feature having a higher correlation with the pollen level was retained. Only training data were 

used in the feature selection process. 
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5.3 Hidden Markov models (HMMs) 

5.3.1 Outline of HMMs 

HMMs can be viewed as an extension of the state-space model (SSM) with discrete (i.e., 

discontinuous) hidden states. It is a doubly stochastic process with a hidden Markov process 

that is not observable, but can only be inferred through an observation sequence (Rabiner and 

Juang, 1986).  

Figure 5-1 shows how transition occurs from one state to another. The HMM model can 

be described by the specification of parameter 𝑁 and 𝜆＝（𝜋, 𝐴, 𝐵): 

 𝜋: initial state probability distribution defined as 𝜋 = {𝜋(𝑖)}, where 𝜋(𝑖) = 𝑃[𝑞. = 𝑠,], and 

1 ≤ 𝑖 ≤ 𝑁. 

 A: state transition probability matrix defined as 𝐴 = {𝑎,Z}, where 𝑎,Z = 𝑃k𝑞Pl. = 𝑠Zm	𝑞P =

𝑠,], and 1 ≤ 𝑖, 𝑗 ≤ 𝑁. 

B: emission probability distribution in state Sj defined as 𝐵 = o𝑏Zpq, where 𝑏Zp = 𝑃[𝑣p|𝑞P =

𝑠Z]; 1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑘 ≤ 𝑀.   

N: number of states of the Markov chain. Individual states are denoted as 𝑆＝{𝑠., 𝑠>, … 𝑠u}, 

and the state at time t is denoted as qt. 
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5.3.2 Supervised learning process of HMM 

Instead of assuming that the annual airborne pollen is governed by invisible hidden states, 

and to predict the temporal change in annual airborne pollen without knowledge of what the 

hidden states represent, I adopted a supervised training method to describe the hidden states 

practically as the annual airborne pollen levels and the observations as the meteorological 

conditions in the previous year. A supervised learning process of the proposed prediction 

Fig. 5- 1 Transition between different hidden states. 

Fig. 5- 2 Illustration of hidden Markov model (HMM) for pollen prediction 
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model was implemented in Python 3 following the four steps described below: 

(1) Preparation of input data. As shown in Fig. 5- 2, the annual airborne pollen level was 

designated as the hidden state sequence 𝑆 , and 𝑘  multiple sequences of different 

meteorological factors in the previous year {𝑂. , 𝑂> , …, 𝑂p } were designated as 

observation sequences. The meteorological variable and the period of meteorological data 

for each were determined through the approach noted in Section 2.3.  

(2) Presetting of hidden states. Because increasing the number of hidden states leads to fewer 

observations for each hidden state, despite the realization of better description for the 

actual annual airborne pollen with narrowed ranges, in this study, I specified the number 

of hidden states to be three (𝑁 = 3). The annual airborne pollen ranges corresponding to 

the hidden states (SL, SM, SH) and the summary statistics of the training dataset are listed 

in Table 5- 1. As most of the mast years in Hokkaido occurred once every two years, non-

mast years were determined as SL, which accounts for 50% of the training data. Middle 

mast years and high mast years were then determined as SM and SH, where SM and SH are 

below and above approximately one standard deviation from the average of the overall 

data. 

(3) Labeling of training dataset with SL, SM, and SH. The annual airborne pollen data were 

labeled with the hidden states for determining the HMM parameters. 

        𝑆 = {𝑠., 𝑠>, 𝑠?,… , 𝑠Y} (5-1) 

(4) Separation of complete dataset into training and test datasets. I divided the complete 

dataset (1996–2017) into training dataset (1996–2013) and test dataset (2014–2017) to 

validate the predictive performance of the model. 



 

 

 

Chapter 5 

 68 

(5) Determination of HMM parameter 𝜆＝（𝐴,𝐵, 𝜋). I trained the HMM parameters using 

the training dataset obtained from (4).  

The initial probability (𝜋,) of state 𝑖 was calculated as the percentage of appearance of 

state 𝑖 in the training period: 

𝜋, = 𝑆, ∑ 𝑆Zu
ZE.⁄  (5-2) 

where 𝑆, is the frequency of state 𝑖, and 𝑁 is the number of hidden states. 

The transition matrix (𝐴) is computed as the percentage of transition state 𝑖 to state	𝑗 in 

the training period. Considering the Markov property, only the transition from the 

previous and the current states is considered. 

𝐴(𝑖, 𝑗) = 𝑎(𝑖, 𝑗) ∑ 𝑎(𝑖, 𝑘)u
pE.⁄  (5-3) 

    where 𝑎(𝑖, 𝑗) is the frequency of state 𝑖 to state	𝑗. 

As all the observed meteorological data were continuous, the emission distributions were 

probability density functions instead of a matrix. I assumed that the hidden state output 

(𝐵 ) followed a Gaussian distribution. Hence, for the determination of 𝐵 , I simply 

computed the average and variance of each observation from each hidden state (SL, SM, 

SH). 

𝐵(𝑖, 𝑜)GHID = 𝑏(𝑖, 𝑜) 𝑆,⁄  (5-4) 

𝐵(𝑖, 𝑜)]IO = 	 (𝑏(𝑖, 𝑜) − 𝐵(𝑖, 𝑜)GHID)> 𝑆,⁄ 	 (5-5) 

where 𝑏(𝑖, 𝑜) is the emission of observation at state 𝑖. 

(6) Defining the most likely hidden state sequence. The Viterbi algorithm (VA) was then used 

to find the most likely hidden state sequence 𝑄	 = 	 {𝑞., 𝑞>, . , 𝑞Y}  for the given 
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observations 𝑂	 = 	 {𝑂., 𝑂>, . , 𝑂Y}  based on trained parameters 𝜆 . For details of the 

Viterbi algorithm, please refer to the work of Forney (Forney, 1973). 

 

 

 

Hidden state SPI (grains m-2) Mean STD Min Max Percentage 

SL 0 <	SPI <	1000 482.62 252.23 141 971 50.00% 

SM 1000 <	SPI <	1700 1317.53 162.52 1088 1485 33.33% 

SH 	1700 < SPI 2263.33 447.46 1935 2773 16.67% 

5.4 Results 

5.4.1 Feature selection 

The results of two steps in the feature selection process are presented below: 

(i) Optimized agglomeration periods of meteorological variables 

In this step, I selected the period that can explain most effectively the year to year variation 

of pollen abundance for each variable. From the value of the correlation coefficient, I inferred 

the suitable meteorological conditions in the optimal period of the initiation year for male 

flower formation. The results of the optimized agglomeration periods of each variable are 

shown in Fig. 5- 3. It can be seen that highly correlated variables—among each group of 

temperature, solar, and water—demonstrate a similar pattern of correlation variation 

corresponding to different moving time-windows. In mid-May, the blue span in sr (r = -0.46) 

and sd (r = -0.45) as well as red span in rhum (r = 0.30) and prec (r = 0.50) show that less 

Table 5- 1 Annual airborne pollen ranges corresponding to hidden states (SL, SM, SH) and 
summary statistics of the training dataset (SPI: annual airborne pollen; STD: standard 
deviation). 
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sunshine and higher humidity are more preferable. From the end of May until late June, higher 

temperature and solar exposure are especially desirable. Red spans in four parameters—

vaporp, 𝑡G,D , 𝑡GIJ , and 𝑡I]^—occur with the highest positive correlations of 0.68, 0.64, 

0.68, and 0.68, respectively. Furthermore, the red span in solar factor sr (r = 0.70) and sd (r = 

0.72) also occur around the same period. However, the appropriate conditions change in early 

and mid-July, the blue spans in the four parameters (vaporp, 𝑡G,D, 𝑡GIJ, and 𝑡I]^) occur 

with the highest negative correlations of -0.46, -0.43, -0.31, and -0.38. In addition, the blue 

spans in rhum (r = -0.55) and prec (r = -0.56) also occur. 

(ii) Elimination of one of two features having a high correlation 

Figure 5-4 shows the correlation coefficients for each pair of variables. Significant positive 

correlation is noted among each group of temperature, solar, and humidity variables. 

Furthermore, because of the opposite trend of rhum and sr, as shown in Fig. 5- 3, a negative 

correlation is noted to exist between rhum and sr. Finally, the meteorological variables 

pos_vaporp (hPa), pos_sd (h), pos_rhum (%), pos_prec (mm), neg_sr (MJ m-2), neg_rhum (%), 

and neg_prec (mm) were selected, with the correlation of one of any two features not 

exceeding 0.6. 
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Fig. 5- 3 Pearson correlation variation corresponding to moving time-window (May–July) with 
variable length (14–30 days). Optimized agglomeration periods of each variable are noted, with 
the red and blue spans respectively corresponding to the periods when the maximum and minimum 
correlations with annual airborne pollen occur. [a] vaporp: vapor pressure (hPa); tmin: minimum 
air temperature (°C); tmax: maximum air temperature (°C); tavg: mean air temperature (°C). [b] 
sr: solar radiation (MJ m-2); sd: sunshine duration (h); rhum: relative humidity (%); prec: 
precipitation (mm).  
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[b] 

Fig. 5- 3 Pearson correlation variation corresponding to moving time-window (May–July) with 
variable length (14–30 days). Optimized agglomeration periods of each variable are noted, with 
the red and blue spans respectively corresponding to the periods when the maximum and minimum 
correlations with annual airborne pollen occur. [a] vaporp: vapor pressure (hPa); tmin: minimum 
air temperature (°C); tmax: maximum air temperature (°C); tavg: mean air temperature (°C). [b] 
sr: solar radiation (MJ m-2); sd: sunshine duration (h); rhum: relative humidity (%); prec: 
precipitation (mm).  
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5.4.2 Trained HMM parameters 

After the training process described in Section 3.2 was conducted, the parameters 𝑁 and 

𝜆＝（𝜋, 𝐴, 𝐵), which are necessary for the specification of an HMM, could be obtained. 

Among these parameters, the initial probabilities (𝜋) of each hidden state were 50.00% (SL), 

33.33% (SM), and 16.67% (SH), demonstrating the majority of SL followed by SM and SH in 

turn. The transition matrix (𝐴) is shown in Fig. 5- 5, in which I can observe that SL tends to 

switch to SM with high probability (44%), albeit with relatively low tendency, to move to SH 

(33%) or stay within the current annual airborne pollen range (22%). Moreover, SH only occurs 

after SL, and it turns out that there is only a 16.67% presence of SH in the training period. 

Finally, SM and SH sparsely shift to SM (20% and 33%), but it moves to SL (80% and 67%). 

Fig. 5- 4 Matrix plot of correlation coefficient of each pair of variables among the features selected 
for the optimized agglomeration period (pos_ and neg_ in the variable name respectively refer to 
the features that have positive and negative correlations with the male flower formation, 
corresponding to the red and blue spans in Fig. 5- 3). 
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Figure 5-6 shows the emission distributions (𝐵) of the selected features for the three hidden 

states. The expected result was observed: as annual airborne pollen increased, pos_vaporp 

(hPa), pos_sd (h), pos_rhum (%), pos_prec (mm) increased, whereas neg_sr (MJ m-2), 

neg_rhum (%), and neg_prec (mm) decreased. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5- 5 Matrix plot of transition matrix of supervised HMM using training 
data from 1996–2013. 
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Fig. 5- 6 Emission distributions of selected features, specifically, pos_vaporp (hPa), pos_sd (h), 
pos_rhum (%), pos_prec (mm), neg_sr (MJ m-2), neg_rhum (%), and neg_prec (mm), for three 
hidden states SL, SM, and SH (pos_ and neg_ in the variable name respectively correspond to the 
red and blue span of the meteorological variable in Fig. 5- 3). 
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5.4.3 Prediction Results 

Figure 5-7 shows the forecast results, the most likely hidden state sequence, obtained by 

VA based on the given observation (Table 5- 2) and trained parameters (Fig. 5- 5 and Fig. 5- 

6). From the observed annual airborne pollen, the biennial cycle—in which most of the even 

years are mast years—was found, except for three interruptions (1996, 2002, and 2012). The 

recurrence in the observed data can be reproduced in most of the predicted data. However, the 

remaining mismatches between these two datasets led to the final prediction accuracies being 

83.3% (three mismatches out of 18) in the training period and 75.0% (one mismatch out of 

four) in the test period. The model demonstrated two mismatches in SH years and one 

mismatch in each of the SL and SM dispersal years. 

 

 

 

 

 

 

 

 

5.5 Discussions 

Predicting the annual airborne pollen is important for providing a reference for allergy 

stakeholders. Previous studies have primarily used deterministic models with the forecast 

Fig. 5- 7 Annual airborne pollen (SPI) prediction results (1996–2013: training dataset, 2014–
2017: test dataset). 



 

 

 

A stochastic model for predicting annual airborne pollen – Hidden Markov model 

 77 

results of the model being fully determined by the parameters. Most existing models derive 

the numerical value of annual airborne pollen by employing either regression (Garcia-Mozo 

et al., 2014; Latałowa et al., 2002; Ranta et al., 2008; Subiza et al., 1992), neural networks 

(Puc, 2012), or time-series models (Garcia-Mozo et al., 2014). The remaining models attempt 

to predict the level of the annual airborne pollen (Aznarte et al., 2007; Mesa et al., 2005; 

Sánchez-Mesa et al., 2002) or combine the classification and regression prediction (Oteros et 

al., 2013). 

In contrast to previous approaches, this study employed a stochastic model, utilizing the 

probability properties of the innate flowering rhythm with a transition matrix (𝐴) and the 

correlation of meteorological conditions and the number of male flowers with the emission 

distribution (𝐵), to determine the most likely hidden state sequence. The stochastic model has 

the advantage that from the current state, it can predict each outcome of the next state with 

probabilities; the importance of providing the probability of each outcome rather than a strict 

numerical value has been demonstrated in the case of weather forecasting. Therefore, the 

classification results of annual airborne pollen level obtained using the stochastic model are 

beneficial for determining the probability of each outcome in the next season as a useful 

reference for allergy stakeholders. 

The optimal period of each meteorological variable is found by moving time-windows 

from the start of May to the end of July with variable length, as described in Section 2.3. The 

peak correlation of the temperature (𝑡G,D, 𝑡I]^, and 𝑡GIJ) and the solar exposure (sd and sr) 

with annual airborne pollen occurs in the period from the end of May to middle or late June. 

This result coincides with the plant physiological fact that birch tree male flower development 
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is regulated by the photosynthetic energy produced from May to late June (Dahl and 

Strandhede, 1996). The lower temperature before and after this period has been proved to be 

correlated with higher annual airborne pollen in the flowering year. The significant negative 

correlations for relative humidity and precipitation noted for the period around July, which is 

similar to previous results (Houle, 1999), may be related to proper environmental conditions 

for microspore initiation or a result of the water stress as an important regulating factor for 

masting behavior. 

 Depending on the different pollen types, the influential meteorological factors for pollen 

abundance may differ. Significant and positive correlation between both mean and maximum 

temperature and annual airborne pollen was found in arboreal taxa. On the other hand, 

significant and negative correlation between minimum air temperature and annual airborne 

pollen was found in some herbaceous taxa (Ruiz-Valenzuela and Aguilera, 2018). For birch 

pollen, previous studies reported the mean air temperature, maximum air temperature, and 

relative humidity in previous years to be relevant factors affecting the annual airborne pollen 

(Masaka and Maguchi, 2001; Tseng et al., 2018). Another regional model for the birch annual 

airborne pollen (Ritenberga et al., 2018) incorporated CO2 as a significant factor, as the 

concentration of CO2 is a primary factor affecting phenology and pollen production (Cecchi 

et al., 2010; D'Amato, 2011). In contrast, in our case, incorporating CO2 does not result in 

significant improvement because the short annual airborne pollen time-series does not 

demonstrate a stable increase with CO2. 

The results of trained parameters 𝐴 and 𝐵, show that the model can capture the masting 

behavior of birch trees and the effect of meteorological conditions in the previous year on the 
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annual airborne pollen. Birch trees are known to have a biennial cycle of pollen production, 

but with some special years not following the cycle (Grewling et al., 2012; Jato et al., 2007; 

Latałowa et al., 2002; Malkiewicz et al., 2016; Skjøth et al., 2015). The high probability from 

SL to a higher level (78%), as well as SM and SH to a lower level (80% or 100%) in trained 

parameter A could be an explanation for this. Because the masting behavior is an intrinsic 

process that cannot be easily explained using only one simple factor (Koenig and Knops, 2000), 

transition matrix 𝐴 can act as a means to parameterize the complex phenomenon. The results 

of 𝐵 appear to be in agreement with those of previous studies that stated that temperature and 

sunlight positively influenced male flower formation (Matthews, 1955; Norton and Kelly, 

1988). It was also noted that the relative humidity, which causes water stress in plants, 

negatively influenced the flowering intensity. 

The forecast result is the most probable path of annual airborne pollen level obtained from 

the trained parameters (𝜆＝（𝜋, 𝐴, 𝐵)) and the observation. Overall, the higher frequency of 

SL and SM in the actual sequence is thought to be the reason for the proposed model’s 

superiority in predicting the occurrence of either a low or medium dispersal year. The 

mismatches in 1997 and 2000 could be attributable to (i) high transition probability of SL to 

SM rather than staying in SL or moving up to SH, and (ii) higher relative humidity in mid-May 

(pos_rhum) in 1996 and higher relative humidity in early July (neg_rhum) in 1999 leading to 

higher probability in predicting SM than SL and SH, respectively (Fig. 5- 6 and Table 5- 2). The 

mismatch in 2010 could be attributable to lower relative humidity in mid-May (pos_rhum) 

and precipitation in May (pos_prec) as well as higher solar radiation in mid-May (neg_sr) in 

2009, making it prone to predict SL over SM in 2010. Another error in 2014 is attributable to 
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the transition probability of SM to SH being zero, which I trained from the training dataset. 

These results show how the tendency in the training data reflect on future prediction, showing 

that limited information in the dataset will restrict the predictive performance of the model. In 

addition, mismatches between the predicted and observed annual airborne pollen can result 

from the assumption of high correlation between flower intensity and pollen abundance in our 

model. The correlation fails when long-distance transport of pollen (Hjelmroos, 1991; Skjøth 

et al., 2007; Sofiev et al., 2006) or other factors diminish pollen in the air in the emission, 

transportation, or deposition process cannot be neglected (Ranta et al., 2008; Tseng and 

Kawashima, 2019). 

Altogether, this study validated the applicability of the alternative approach, HMM, over 

the deterministic model used in previous studies for annual airborne pollen prediction. 

However, HMM has its limitation based on the Markov properties that the current state only 

depends on the previous state. The limitation makes the consideration of cycle interruption in 

the masting difficult. Further improvement can be implemented in terms of augmentation of 

the dataset and integration of other potential variables, including pollen production per male 

flower. In addition, HMM can also be applied to the prediction of airborne pollen 

concentration in different time-scales by considering the pollen level transition in time and 

meteorological conditions from the atmospheric environmental perspective. 
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Year 
pos_ 
vaporp 
(hPa) 

pos_ 
sd 
(h) 

pos_ 
rhum 
(%) 

pos_ 
prec 
(mm) 

neg_ 
sr 
(MJ m-2) 

neg_ 
rhum 
(%) 

neg_ 
prec 
(mm) 

1995 13.01 5.67 65.00 1.57 17.57 76.07 1.57 
1996 12.34 5.41 72.06 2.50 15.29 77.33 2.50 
1997 13.37 5.34 65.50 2.62 15.31 76.13 2.62 
1998 12.73 5.40 62.13 0.66 19.57 80.47 0.66 
1999 13.81 6.50 72.50 3.21 15.23 80.67 3.21 
2000 14.32 5.38 82.75 2.29 15.30 81.73 2.29 
2001 12.93 6.64 63.00 0.60 17.85 80.40 0.60 
2002 12.29 5.96 55.75 1.41 22.94 81.47 1.41 
2003 13.48 8.35 61.19 1.93 17.75 69.73 1.93 
2004 12.94 6.98 63.19 2.47 16.99 78.80 2.47 
2005 14.24 6.44 69.81 2.03 14.88 76.07 2.03 
2006 13.27 5.31 50.38 1.43 22.03 77.60 1.43 
2007 14.85 8.98 67.00 2.79 15.95 67.73 2.79 
2008 13.11 5.65 66.75 2.47 21.33 76.40 2.47 
2009 13.81 4.61 57.69 1.47 21.91 77.33 1.47 
2010 14.88 7.06 64.25 1.53 19.00 78.80 1.53 
2011 13.69 5.54 68.13 0.97 17.47 81.20 0.97 
2012 13.64 7.56 73.25 2.62 17.37 77.80 2.62 
2013 15.11 7.45 72.25 1.69 15.88 76.20 1.69 
2014 14.91 5.50 62.50 2.03 16.54 70.80 2.03 
2015 13.64 7.56 56.13 1.28 19.97 66.60 1.28 
2016 13.27 6.00 57.38 1.76 17.50 72.87 1.76 

Average 13.62 6.33 64.93 1.88 17.89 76.46 1.88 

 

Table 5- 2 Meteorological data of selected variables used as observation sequence for annual airborne 
pollen prediction from 1995 to 2016 (pos_ and neg_ in the variable name respectively correspond to 
the red and blue span of the meteorological variable in Fig. 5- 3; values with bold and underline are 
for indicating possible causes for mismatches in 1997, 2000, and 2010). 
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5.6 Conclusion 

This study represents the first application of a stochastic model to pollen concentration 

prediction. It combined the biological and meteorological factors affecting the flowering 

intensity as a hidden Markov process and observation sequence in an HMM—parameterizing 

the intrinsically stochastic process of masting behavior with a transition probability matrix and 

the causal relationship of meteorological conditions in the initiation year and annual airborne 

pollen in the flowering year with emission probability distribution. From the results, it was 

found that using a transition matrix to explain the biennial cycle in birch tree is valid, as it 

showed that a low annual airborne pollen level tended to switch to a higher one with higher 

probability than it staying in the same level, and vice versa. Furthermore, the exact periods of 

meteorological variables were determined through the process of feature selection to attain 

better results, and higher temperature and solar exposure in June, as well as less rainfall in 

July, were examined and found to be more preferable for male catkin formation. The trained 

parameters and the Viterbi algorithm gave the forecast results with an accuracy of 83.3% in 

the training period and 75.0% in the test period.  

Based on the current meteorological information and trained parameters in HMM, the 

probability of each annual airborne pollen level in the next pollen season can also be estimated, 

which would be useful for clinical strategies and anti-allergy medicine production decision-

making. However, unresolved problems remain, such as insufficient information in limited 

training data for future prediction and difficulty dealing with the interruption in the biennial 

cycle for the Markov properties (where the current state only depends on the previous state). 

Future studies should focus on improvement of the performance by augmentation of the 
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dataset, integration of other potential variables, and replacement for other probability 

distributions rather than normal distribution in emission probability. Finally, I also expect to 

apply the presented approach to pollen concentration prediction in hourly and daily time-scales. 
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6.1 The foundation of the forecasting models 

 The two proposed models were based on the following recurrence relation: 

𝑃, = 𝑓(𝑀,-., 𝑃,-.) (6-1) 

where	𝑃,	and 𝑃,-.are the annual airborne pollen in year 𝑖	 and year 𝑖 − 1; 𝑀,-.  is the 

weather condition in the previous year (𝑀,-.). 

This equation is derived from (i) the mechanism behind mast flowering, in which flowering 

intensity (𝐹,) including male flower formation as well as synchronization among individuals 

that are influenced by the weather condition from the previous year (𝑀,-.) and the flowering 

intensity in the previous year (𝐹,-.), as written in (6-2), and (ii) the premise of the model that 

the annual pollen abundance (𝑃,) is proportional to the annual flowering intensity (𝐹,) (6-3). 

𝐹, = 𝑓(𝑀,-., 𝐹,-.) (6-2) 

𝐹, = 𝑘𝑃, (6-3) 

where	𝑘	is constant. 

6.2 The deterministic solution and stochastic solution 

 In Chapter 3, on the basis of the recurrence relation in (6-1), the variable 𝑃,-.	was 

substituted repeatedly to obtain the multiple regression equation (6-4) with only the 

meteorological conditions in the previous years 𝑀,-., 𝑀,->, …, 𝑀,-�. 

𝑃, = ∑ 𝑎,𝑀,-.
D
,E. + 𝑏 (6-4) 

The results of the basic models (models built with temperature (T) and solar (S)) showed an 
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increasing trend in performance as the number of years observed increased from one to three, 

representing that at least three years’ meteorological conditions are needed to replace the 

biological factor 𝑃,-.. 

 In Chapter 5, HMM was applied to pollen level prediction using the relation (6-1) found 

in the hidden Markov model (HMM): the most probable hidden state at time t (𝑠P ) is 

determined by not only previous hidden state (𝑠P-.) but also the corresponding observation 

(𝑜P-.). In HMM, the series of annual airborne pollen is designated as the hidden Markov 

process and the series of annual meteorological conditions are specified as observation 

sequences. The trained parameters showed that the proposed model enables (i) using Markov 

process to simplify and predict the mast flowering and (ii) integrating related factors of annual 

airborne pollen, meteorological conditions in the previous year, for predicting the next state. 

Both models can predict the annual airborne pollen using only meteorological data and 

are characterized differently. In deterministic model, the prediction of numerical concentration 

is entirely determined by the trained parameters. On the other hand, the stochastic model can 

provide the most probable sequence of annual airborne pollen level and the probability of each 

pollen level of the next season. 

The two models are suggested to be applied according to different needs. For instance, 

since deterministic model can predict the value of the annual airborne pollen, it is useful for 

prediction of pollinosis prevalence and crop yields. In comparison, stochastic model can 

provide the probability of each annual airborne pollen level, which is therefore helpful in the 

process of decision making by medical doctors and allergy patients (Tseng et al., 2019). 
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6.3 Common restrictions shared by the two models 

Although the premise of the models (6-3) is supported by previous studies (Ranta et al., 

2008; Yasaka et al., 2009), this proportional relation fails when the pollen data does not 

represent the pollen concentration in the observed region in the following cases: (i) the long-

distance transport of pollen (Hjelmroos, 1991; Skjøth et al., 2007; Sofiev et al., 2006) and (ii) 

other factors that diminish airborne pollen in the process of emission, transportation, and 

deposition (Ranta et al., 2008; Tseng and Kawashima, 2019). 

In chapter 4, the influence of the topographical conditions to spatial representativeness 

of pollen data is discussed. The applicability of the forecasting algorithm suggested in Chapter 

3 was investigated in nine monitoring stations under different topographical conditions. The 

findings concluded that, the difference in spatial representatives of airborne pollen data is a 

primary factor for the difference in the applicability of the forecasting models. 
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7.1 Concluding remarks  

Annual airborne pollen is a continuing concern within the fields of aerobiology, ecology, 

botany, and epidemiology. However, understanding of the fluctuation of annual airborne 

pollen is still inadequate since there are a limited number of areas where long-term airborne 

pollen observation is available. 

As shown in Fig. 7- 1, the two prediction models of annual airborne pollen proposed in 

this thesis are based on (6-1). The deterministic algorithm in Chapter 3 was derived by 

substituting the explanatory variable 𝑃,-.	 repeatedly. the algorithm predicted the annual 

airborne pollen using only meteorological data from previous years, and the forecast result is 

entirely determined by the trained coefficient in the algorithm. The stochastic model HMM in 

Chapter 5 assumed the variation of annual airborne pollen to be a hidden Markov process 

considering the intrinsic stochastic properties in masting, designating meteorological 

conditions, in the previous summer as observable variables to recover the inter-annual 

variation in annual airborne pollen. In contrast to the deterministic model, this model provides 

the probability of each pollen level. Each model accurately predicted pollen concentration and 

pollen level. 

The proposed models provided an important reference for decision making on clinical 

strategies for allergic disease and management of anti-allergy medicine production. In addition, 

since the input data of both models only contain meteorological data, the annual airborne 

pollen can be predicted even if the data of the current season is missing or unavailable. 
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7.2 Future work 

 As the results showed in the two proposed models, seven or more explanatory variables 

are necessary to develop the forecasting models from the limited sample size. To make a model 

with lower generalized error, future studies should focus on collecting or augmenting longer 

dataset for model training. 

The proposed models are expected to be applicable to (i) longer time scale: with predicted 

meteorological data, the simulation of the variation in annual airborne pollen under climate 

change can be realized and (ii) larger space scale: by clustering the regions with high similarity 

in topography and climate, the proposed model can be used in regions where there is no pollen 

data because only meteorological data is needed. Finally, responding to the needs of modern 

society, the proposed models can be applied on a mobile alert system, by combining it with 

epidemiological data and allergenicity information such as existence of co-allergen and air 

pollutants. 

 

 

 

  

Fig. 7- 1 Basic concept of the thesis 
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