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The Metropolitan area of Athens is frequently characterised by high photochemical pollution levels
especially in the warm period. The highest levels of ozone concentrations are found in the urban
background stations while the ozone concentrations are reduced in the traffic stations of the central and
southern zone. For ozone prediction purposes, many methods are reported in the literature such as
regression and ARIMA techniques (Chaloulakou et al, 1997; Robeson and Steyn, 1989), artificial neural
networks (Spellman, 1999), 3-D air quality models (Moussiopoulos et al., 1995; Grell et al., 1994).
Within the APNEE project framework1, a method for daily maximum ozone prediction has been
developed. In order for the citizens to be informed about the levels of the air pollutants in time,
CART is used for the daily prediction of the maximum ozone concentration in the Athens basin. Its
results are compared with the corresponding ones of a simple regression equation according to some
common model evaluation parameters and their ability to predict ozone episodes. CART has been
recommended for ozone forecasting (EPA, 1999) and has been used for this purpose in several
studies (Ryan, 1995; Burrows et al., 1995; Gardner and Dorling, 2000).
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CART is an advanced tool for tree-structured data analysis and its structure is similar to the rule
architecture in a neural network (Atlas et al. 1990). It is the acronym for Classification And Regression
Trees, a statistical procedure introduced by Leo Breiman, Jerome Friedman, Richard Olsen and Charles
Stone in 1984 (Breiman et al. 1984). CART can be used to analyze both continuous (regression) and
categorical data (classification). The methodology used by CART is known as binary recursive
partitioning. CART splits binary the data into two groups-nodes and this binary splitting is repeated until
some conditions are satisfied. The result of this methodology is a binary tree, whose terminal nodes
represent distinct classes or categories of data. CART is non-parametric, in the sense that the number of
parameters used is not specified beforehand and there is no assumption about their distribution.
The CART analysis is based on a learning sample that consists of the variable which is going to be
analyzed-predicted (predictand) and the variables used for the classification or regression of the
predictand (predictors). Each binary splitting is based on a simple rule involving one or more
predictor values. This rule is a simple comparison between a value of a selected predictor variable
(or a linear combination of predictors) and a threshold. CART looks at all possible splits for all
variables and selects the one that results in the most dissimilar nodes. Once the best split is found,
the process is repeated until further splitting is impossible or stopped. In this way, a maximal tree is
grown which then pruned until an optimum number of terminal nodes is found. The criterion for the
pruning is the minimisation "cost" of miscalculation.
An important advantage of the CART method is that the resulting tree facilitates inference
according to relationships between predictors and predictand and has a physical meaning. It can
manipulate missing values, since for each split it develops alternative ones. Unlike regression
equations, it can use both continuous and categorical variables.

                                                          
1 The APNEE project aims at increasing the knowledge of the citizen on air quality. (http://apnee.faw.uni-ulm.de/)
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For the daily maximum ozone prediction, meteorological and air quality data are used. In order for
the prediction to have a practical value, it must be realized in time, e.g. every morning. Therefore,
the data intended to be used for the forecast must be available every day. This fact limits the
number of variables that can be utilized. For Athens basin, the daily dispensable data are:
•  Air pollutants

The maximum and minimum daily concentrations of ozone, nitrogen dioxide, sulfur dioxide,
carbon monoxide and smoke. In the Athens area, nine air quality monitoring stations are
operating by the Hellenic Ministry of Environment but only the total maximum and minimum
concentrations of all stations are available on line. The site is updated everyday at 14:00 and the
values that are given are the daily maximum and minimum concentrations of the previous day
and of the current day until 13:00.

•  Meteorological data
Air temperature, relative humidity, pressure, maximum and mean wind velocity, mean and
standard deviation of wind direction. The values of these variables are updated every 10 minutes
and represent conditions over the entire urban area and can be used, therefore, to predict the
overall maximum ozone levels.

Additionally, the number of the month is used as a categorical predictor. For the formation of the
trees a 9-year long period record (1990-1998) has been used as the learning sample. The resulting
trees have been tested with the use of the data taken from 1999 records. In the optimal tree, the
important variables for the prediction of the maximum ozone concentration are the ozone
concentration of the previous day, the maximum temperature, the mean wind velocity and the
number of the month. For comparison purposes, a regression equation has been used for the ozone
prediction with the same predictors (with the exception of the number of the month, which is a
categorical variable).
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For the evaluation of the CART analysis performance, several statistical measures have been used
which are the following: Mean values and standard deviations of observations and predictions,
mean absolute error, mean percentage error, normalized mean difference, root mean square error
(RMSE), systematic and unsystematic RMSE, correlation coefficient and index of agreement. Of
particular interest are the cases where the ozone concentration exceeds the threshold (180 g/m3)
that is defined by the European Union as a critical value for the notification of the citizens. This
case is considered as an alarm episode. For the evaluation of the ozone episodes forecasting ability,
the percentage of correct (POD) and false alarms and the critical success index (CSI) are used
(Ryan, 1995). The values of all these measures are presented in table 1 for both CART analysis and
regression equation.
In figure 1, the optimal tree is shown.  It is clearly illustrated that the most important predictors are
the ozone concentration of the previous day and the maximum daily temperature. The first split uses
the maximum temperature, which is expected taking into consideration that the ozone levels are
higher when the temperature is increased. Also, the temperature is highly correlated to the solar
radiation that can’t be used in this study but has great effects on ozone levels. It is interesting to note
that in most splits the ozone concentration of the previous day is used.
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��� Evaluation parameters of the performance.

1999 - test data CART Regression
Observed mean 136.126 136.126
Predicted mean 138.184 144.472
Observed standard deviation 49.781 49.781
Predicted standard deviation 40.421 47.883
Mean absolute error (MAE) 25.935 31.297
Mean percentage error (MPE) -6.62% -0.111
Normalized mean difference (NMD) -0.015 -0.061
Root mean square error (RMSE) 34.295 38.517
Root mean square error, systematic (RMSEs) 20.365 18.128
Root mean square error, unsystematic (RMSEu) 27.594 33.984
Correlation coefficient 0.729 0.703
Index of agreement 0.838 0.826
% correct alarms (POD) 86.96% 66.67%
% false alarms 27.60% 17.49%
Critical success index (CSI) 0.353 0.346

&�#����� Regression tree model.

MTemp<22.95
STD = 61.576
Avg = 137.863

N = 3286

O3<157.5
STD = 61.06
Avg = 177.84

Mn=(1,2,7,8,10,
11,12)

STD = 34.84
Avg = 102.78

O3<72.5
STD = 29.09
Avg = 90.26

N = 1165

O3<122.5
STD = 31.8

Avg = 127.71
N = 585

WV<1.96
STD = 62.33
Avg = 187.12

N = 257

Mn=(1,2,3,4,8,9,
10,11,12)

STD = 63.16
Avg = 199.73

O3<297.5
STD = 67.36
Avg = 204.86

N = 618

O3<109.5
STD = 48.6

Avg = 159.65
N = 918

STD=25.3
Avg=77.57

N = 460

STD=28.41
Avg=98.54

N = 705

STD=27.43
Avg=119.9

N = 405

STD=33.89
Avg=145.29

N = 180

STD=84.34
Avg=259.49

N = 53

STD=41.61
Avg=134.26

N = 185

STD=48.14
Avg=166.06

N = 733

STD=61.91
Avg=210.25

N = 308

STD=50.96
Avg=170.5

N = 155

STD=69.16
Avg=212.38

N = 102

�����: maximum daily temperature
��: maximum ozone concentration (half daily)
�	: mean wind velocity
�
: number of month
�: number of days
��
: standard deviation
���: Average
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The application of both the CART and the regression analysis methodologies result in a rather good
index of agreement (>80%), while the additional measures calculated show a generally good
performance. The results obtained are directly comparable (usually better) to what is mentioned in
relevant literature (Chaloulakou et al, 1997; Spellman, 1999). These results assume other numerous
tests with many variable sets, and represent the best outcome that can be expected taking into
account a very important limitation: the on-line (on the Internet) availability of data, which is
limited to general (and not detailed) air quality information, and only few meteorological
information. Taking into account that the latter were made available to similar works reported in the
literature (Gardner and Dorling, 2000; Prybutok et al. 2000), the results of the work presented here
become more important, and underline a significant factor of success: the exhaustive tests that one
has to perform in order to come up with results that are satisfactory and can support the operational
use of the method. Future work will exploit more this direction.
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