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Abstract. Airborne pollen has been associated with allergic symptoms in
sensitized individuals, whereas atmospheric pollution indisputably aggravates
the impact on the overall quality of life. Therefore, it is of major importance to
correlate, forecast and disseminate information concerning high concentration
levels of allergic pollen types and air pollutants to the public, in order to
safeguard the quality of life of the population. In this study, we investigate the
relationship between the Defined Daily Dose (DDD) given to patients in a
triggered allergy reaction and the different levels of air pollutants and pollen
types. By profiling specific atmospheric conditions, specialists may define the
need for medication to individuals suffering from pollen allergy, not only
according to their personal medical record but also to the existing air quality
observations. Paper results indicate some interesting interrelationships between
the use of medication and atmospheric quality conditions and shows that the
forecasting of daily medication is possible with the aid of proper algorithms.
Keywords: Allergy, Pollen, Medication Dosage Forecasting, Information Gain
Criterion, Self-Organizing Maps, Decision Trees.

1 Introduction
Allergies related to airborne pollen are very common in the general population and
also act as a factor with a considerable impact on quality of life in urban areas [1].
Atmospheric pollen counts are positively correlated with symptoms of allergic rhinitis
and/or conjunctivitis [2-3], emergency visits or hospitalization because of asthma [46] and stroke [7]. In addition, even a short term exposure to allergic pollen has been
found to increase the prescribed anti-allergic medicines [8]. The dosage and duration
of medication primarily depends on interaction between an individual’s immune
system and pollen allergens, but also, presumably, on environmental pressures, such
as air pollution. Air pollutants can induce respiratory inflammation and affect the
response to aeroallergens. The evidence of interaction between pollen and air
pollution in their health impact comes from many laboratory and experimental
studies, as well as from long-term epidemiological studies [9-11] (and references
therein). The number of studies indicating short-term, acute effects are fewer but at

least ozone and aeroallergens have been found to interact in promoting asthma [1215], and this stands also for the combination of particulates and pollen [16-17].

2 Materials and Methods
The aim of the current paper is to study the relationship between aeroallergens, air
pollution and the use of anti-allergic medication (antihistamines) to citizens, during
spring and summer seasons. More specifically, we investigate the relationship
between the so called Defined Daily Dose (DDD) prescribed to allergic patients and
the levels of air pollutants and pollen concentrations in the atmosphere. For this
reason, a dataset of corresponding observation data was provided by the Gothenburg
Atmospheric Centre (GAC), from the Department of Plant and Environmental
Sciences at the University of Gothenburg in Sweden.
The available dataset is a time series (corresponding to middle-spring and summer
seasons) for the years 2009 and 2010, consisting of heterogeneous data (air quality
concentrations, pollen counts and medication dosage). Due to the heterogeneity of the
dataset and the existence of some missing values in the time series, it became evident
that a robust computational methodology was required, which may tolerate missing
data and can also handle parameters of varying nature. For this reason, we adopted
Self-Organizing Maps (SOMs) in the first phase of our study, as an unsupervised
learning approach to extract hidden patterns and produce visualizations of
interrelationships between the available parameters (data set attributes). In the second
phase, we utilize the Information Gain criterion and produce forecasting models based
on decision trees, for the prediction of the medication levels provided to patients on
aggravated air quality conditions. The evaluation of the models’ performance is made
through the calculation of specific statistical indexes.
2.1 Study Area
Gothenburg is the second largest city in Sweden and the fifth largest in the Nordic
countries, accounting for approximately 510,000 inhabitants in a total area of
1,029km2. It is located on the west coast in South-West Sweden, at the mouth of the
river Göta Älv. The city contains an adequate rate of green space, estimated at 175m2
per citizen, while there are several parks and nature areas that reserve space ranging
from tens of meters to hundreds of hectares. The climate of Gothenburg is
characterized as suboceanic, with warm summers and cool, windy winters, pointing a
narrow annual temperature range. During the summer, daylight extends 17 hours, but
lasts only 7 hours in late December. The quality of the atmospheric environment is
generally good in the city of Gothenburg, which is not extremely polluted due to its
moderate size and location near the coast. Nevertheless, the climatic conditions of the
last years accumulated the air pollutants emitted at the ground level and air quality
became poorer than in the past [18].

2.2 Pollen Collection and Identification and Air Quality Monitoring
For pollen monitoring, Burkard 7-day volumetric spore traps were used. The
Gothenburg trap is situated approx. 30m above ground at the roof-top of the Central
Clinic at Östra sjukhuset, at the eastern border of Gothenburg and 20km from the sea
(57˚72’N, 12˚05’E). In the microscope, pollen grains were counted along twelve
latitudinal transects of the exposed tape, corresponding to an exposure to 1 cubic
metre of air. The value used in the calculations is the number of pollen grains per
cubic metre and 24 hours.
Gothenburg air pollution data originated from a monitoring station owned by the
Environment Department of Gothenburg City, approx. 20m above ground at the roof
top of the shopping centre “Femman” in the very city centre (57˚42’N 11˚58’E), and
8km away from the pollen trap. All pollution data used are 24-hour sums of hourly
values.
2.3 Exploration of the Initial Dataset
A diverse collection of air quality, pollen and medication information was under
investigation, forming a daily time series of observations from middle spring to
summer season (1/4/2009 to 31/8/2009 and 1/4/2010 to 31/8/2010).
More specifically, the data used in this study consisted of daily pollen counts of 7
main pollen types (Alnus, Betula, Corylus, Fagus, Quercus, Poaceae and Artemisia)
and 3 features concerning overall pollen related measurements (total birch related
pollen, i.e. the sum of Alnus, Betula, Corylus, Fagus and Quercus, total allergenic
pollen and total pollen counts). Daily sums of hourly concentrations of 9 air pollutants
(SO2, NO, NO2, NOx, CO, O3, PM10, PM2.5 and Soot) and additional time information
(year, month, day of the week and day of year) were taken into account. The DDD of
medication given to allergic patients was used as a class attribute. This attribute is
defined as the average “maintenance” dose per day for a drug used in adults. The
available dataset was divided into 2 subsets and was investigated for the years 2009
and 2010 separately. Overall, 153 daily datasets per year were made available, each
one including 24 different attributes.
2.4 Methods
The primary investigation of the relationships between air quality, pollen
concentrations and medication dosage was performed using Self-Organizing Maps
[19]. In addition, and in order to support patients in managing the quality of their
everyday life, a number of forecasting models for the DDD was developed, by
employing the well known C4.5 Decision Tree algorithm [20]. In order to select the
appropriate features from the dataset that will feed the prediction model with valuable
information, the Information Gain criterion was adopted. It should be noted that
Computational Intelligence methods have already been applied in the analysis of
allergenic pollen types [21-22]. Moreover, a detailed analysis of interconnections

between pollen and air quality data has been performed in [23], by introducing a twostep clustering process consisting of the application of SOM and K-means algorithms.
In the current study, SOM visualizations have been deployed using the function
package SOM Toolbox 2.01 in the Matlab environment, while J48 decision trees
models have been developed using the open source Data Mining tool WEKA2.
Self-Organizing Maps (SOMs). A self-organizing map is a form of an artificial
neural network that uses a competitive, unsupervised learning algorithm, in order to
model high-dimensional data into low-dimensional (usually 2-dimensional)
visualizations, by also preserving constant their spatial/ topological interrelationships.
SOM consists of neurons, each one of which is a set of coefficients corresponding to
the variables of the data set. The number of neurons and the interconnection between
them is determined by the user. Results of the method are visualized by the
production of Kohonen maps, with specific characteristics, meaning: data with similar
“behavior” are grouped together and displayed in the same 2-D space of maps [19]. It
is a robust and computationally efficient method that not only compresses the
dimensions of data but also explores and extracts hidden information of them. On this
basis, SOMs are capable of identifying complex, non-linear relations within data, and
representing them in a convenient and understandable way. In the current study, the
map grid size of the topology structure was 24x16 (parameter size: ‘normal’),
arranged on a hexagonal lattice in a sheet shaped map.
Information Gain Criterion. In order to obtain an optimum performance of the
modeling process, several parameters need to be evaluated, concerning the
information gain they give. The method adopted in the current study for feature
selection is the Information Gain (IG) criterion which evaluates the worth of an
attribute by measuring the information gain with respect to the predicted class
variable. The method is based on the notion of entropy that, in this context,
characterizes the impurity of an arbitrary set of attributes.
In the current case, the target variable is the DDD. Since the IG criterion requires
for the target variable to be nominal, the numeric values of DDD per 1000 inhabitants
were transformed into nominal ones, according to the classification table bellow
(Table 1).
Table 1. The transformation table of defined daily dose from numeric values to nominal.
DDD per
1000 inhabitants
<25
25-32.5
32.5-40
40-47.5
>47.5

1
2

Nominal value
(class name)
Class1: Very low
Class2: Low
Class3: Medium
Class4: High
Class5: Very high

Available at: http://www.cis.hut.fi/projects/somtoolbox/
Available at: http://www.cs.waikato.ac.nz/ml/weka/

Continuing, by calculating IG for each variable through the WEKA software, a
ranking of each parameter’s impact became available, giving their relative importance
in descending order (Table 2):
Table 2. Classification of each considering variable, according to their information gain value
estimation (descending order).
Dataset of 2009
1. DayOfYear
13. Soot
2. Month
14. NO2
3. NO
15. Day
4. Artemisia
16. PM2.5
5. TotalBirchRelated
17. O3
6. TotalAllergenicPollen 18. SO2
7. PM10
19. Quercus
8. Betula
20. Fagus
9. NOx
21. Corylus
10. TotalPollen
22. Poaceae
11. Alnus
12. Year
-

Dataset of 2010
1. DayOfYear
13. Year
2. Month
14. Day
3. Artemisia
15. SO2
4. O3
16. NO2
5. TotalBirchRelated 17. TotalPollen
6. NO
18. NOx
7. Betula
19. CO
8. Corylus
20. Fagus
9. Alnus
21. TotalAllergenicPollen
10. PM10
22. Quercus
11. PM2.5
23. Poaceae
12. Soot
-

The IG values of the parameters within the studied data set (Table 2) suggest that
certain pollen types are the least important variables in the modelling process of DDD
while air quality data (and specifically concentrations of O3, PM10 and NO) seem to
play a significant role in medication usage.
Decision Trees. Decision trees are a set of classifiers that produce a top-down
structure of interconnected nodes (a tree), by selecting a root node and partitioning the
data properly following “if… else” rules. The most significant variables (those with
high information gain value) are located in the upper layers of the tree, while the least
valuable are the leaf-nodes. They are considered especially attractive as classification
techniques, due to their following characteristics:
• their intuitive representation allows for easy interpretation of the resulting
classification model, as their structure “inherits” the basic characteristics of the
knowledge domain they are mapping, and
• they are non-parametric, thus especially suited for exploring datasets where
there is no prior knowledge about the probability distributions of the target class
or data attributes.
In the current study, calculations were made with the J48 classifier
(implementation of C4.5 algorithm in the WEKA data mining tool), which achieves
fast execution times and adequate scale of large datasets. As this method requires the
class attribute to be nominal, arithmetic values of DDD per 1000 inhabitants were
transformed according to classification rules given in Table 1. In order to create the
forecasting models, the input data were selected via a process by which certain data
were excluded from the initial data set, in the frame of consequently executed data
modification steps. After every step, a classification model was constructed and
evaluated by using 10-fold cross validation.
The accuracy of the models was measured according to percentage (%) of correctly
classified instances and Kappa-statistic. In more detail, the first measure is giving a

success rate by dividing the sum of correctly predicted instances to the total number
of predicted instances, but this metric is not sensitive to class distribution. On the
other hand, Kappa-statistic is a more robust statistical measure that is used to
calculate the agreement between predicted and observed categorizations of a dataset,
while correcting for agreement that occurs by chance. It estimates the error cost of a
classification model, by being a more fair measure of the overall success of the
model.

3 Results and Discussion
The aforementioned methodology was applied at both datasets of the years 2009 and
2010 separately. The objective was to identify interrelationships between pollen
concentrations and DDD or air quality observations and DDD, by adopting the SOM
method and then constructing efficient decision trees.
3.1 SOM Analysis of the Initial Dataset
High values of DDD seem to be a multi-parametric phenomenon, i.e. influenced by
various parameters. On this basis, synergies can be expected between pollen and air
quality. Figure 1 represents the map resulted using SOM on the overall dataset of
2009. The most important conclusions from the analysis are listed below:

Fig. 1. Self-organizing maps of air quality, pollen and medication data for the year 2009

• The use of medication is lower when Artemisia is in its highest concentration
levels, while Poaceae is correlated with medium levels of medication.
• Alnus and Corylus seem to be related with high levels of NO, NO2 and PM10,
while additionally they are related with medium to high levels of medication.
• High levels of medication use is observed when air pollution is high, especially for
PM and O3 levels.

• The existence of high NO and NO2 concentration levels is correlated to medium
levels of medication.
No efficient conclusions could be derived as far as CO levels are concerned, since
the corresponding levels of medication vary from low to high. Overall, it becomes
evident that DDD is positively correlated with air quality and some specific pollen
taxa.
By repeating the SOM analysis on the overall dataset of 2010 the following basic
conclusions are derived:
• Medication usage is related to high levels of air pollution, and especially to PM10,
O3 and Soot, with the latter revealing a very similar topological pattern with DDD
in the derived SOM visualizations.
• NO2 and NOx seem to play an important role in high medication usage.
• High total pollen measurements increase medication.
3.2 Decision Trees Application
The development of models for the use of medication was performed by testing a
number of scenarios concerning the types of data to be included. The results of this
process in terms of model performance are described in Table 3.
Table 3. Evaluation of developed decision trees in modelling medication usage for 2009 and
2010 separately, according to two different dataset variations (case scenarios).

Data
scenario
A
B

Dataset 2009
Correctly
classified %
56.86%
(87/153)
52.94%
(81/153)

Kappa
Statistic
0.3874
0.3271

Dataset 2010
Correctly
classified %
54.90%
(84/153)
59.48%
(91/153)

Kappa
Statistic
0.3250
0.3991

Data scenario A: Exclusion of the variables Year, Soot and Fagus (no measurements were
available for both years).
Data scenario B: Removing all pollen data observations and total birch related variable and
keeping only relative information about total allergenic pollen and total pollen counts.

The accuracy of developed decision trees models, concerning the best performing
scenario per year, ranges from 56% to 59%, in terms of correctly classified instances.
This method outperforms a completely random approach, where the probability of
correct classifications, by choosing randomly one of the five pre-defined classes as a
forecasting result, equals 20%.
While interpreting the developed decision trees for best case scenarios per each
year (see Figure 2 for year 2009), it is interesting to note that the day of the year
seems to be the most decisive parameter in the modelling process. Other parameters
of importance include PM10 and NO2 (for 2009) and PM10 and O3 (for 2010), followed
by pollen type parameters. Overall, there is evidence that air quality parameters play
an important role in modelling medication use, for the aforementioned years.

Fig. 2. J48 decision tree with the best performance (Case A) for the dataset of 2009

4 Conclusions
The motivation in the current study was to develop self-organizing maps that would
exploit interrelationships between the use of medication and air quality conditions,
concerning pollution and pollen concentrations, so as to evolve computationally
effective decision trees for daily medication prediction. The preliminary analysis of
the Gothenburg dataset indicates that there are some interesting relationships between
the parameters under investigation. More specifically:
• Air quality seems to play a synergetic role in the use of medication, influencing
the total DDD per 1000 inhabitants. Thus, an interaction between air quality
levels and medication usage (i.e. symptom development) is suggested from the
results of the preliminary analysis.
• The medication being used seems to be also influenced by the total allergenic
pollen.
• The role of Particulate Matter seems to be away from neutral or independent, yet
more research is certainly required in this subject.
Further investigation need to be done, in order to enhance the efficiency of
prediction models. The inclusion of meteorological factors seems to be a promising
task for research through, while datasets with more years of data, complete patient
diary data or different health indicators (like hospital admissions, mortality, etc.)
would reveal more complicated relationships and potentially result to more efficient
solutions in the modelling process.
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