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Abstract—Imbalanced data sets present a particular chal-
lenge to the data mining community. Often, it is the rare event
that is of interest and the cost of misclassifying the rare event
is higher than misclassifying the usual event. When the data is
highly skewed toward the usual, it can be very difficult for a
learning system to accurately detect the rare event. There have
been many approaches in recent years for handling imbalanced
data sets, from under-sampling the majority class to adding
synthetic points to the minority class in feature space. Distances
between time series are known to be non-Euclidean and non-
metric, since comparing time series requires warping in time.
This fact makes it impossible to apply standard methods like
SMOTE to insert synthetic data points in feature spaces. We
present an innovative approach that augments the minority
class by adding synthetic points in distance spaces. We then use
Support Vector Machines for classification. Our experimental
results on standard time series show that our synthetic points
significantly improve the classification rate of the rare events,
and in many cases also improves the overall accuracy of SVM.

Keywords-imbalanced data sets; support vector machines;
time series;

I. INTRODUCTION

Most traditional learning systems assume that the class
distribution in data sets is balanced, an assumption that is
often violated. There are many real-world applications where
the data sets are highly imbalanced, such as oil spill detec-
tion from satellite images [1], credit card fraud detection [2],
medical diagnostics [3], and predicting telecommunication
equipment failure [4]. In these data sets, there are many
examples of the “normal” (the majority/negative class), and
very few examples of the “abnormal” (the minority/positive
class). But often it is the rare occurrence, the “abnormal”,
which is the interesting or important occurrence, e.g. an oil
spill. In data mining, the rare occurrence is usually much
more difficult to identify since there are so few examples
and most traditional learning systems are designed to work
on balanced data. These learning systems are biased towards
the majority class, focus on improving overall performance,
and usually perform poorly on the minority class. If a data
set has say 999 examples of the normal event and only
one example of the abnormal event, a learning system that
predicts all examples as “normal” will be 99.9% accurate,
but misclassify the very important abnormal example.
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Mining imbalanced data sets has been the focus of much
research recently [5]-[7], and one important direction is
sampling strategies. Sampling methods may include remov-
ing majority class data points (under-sampling) or inserting
minority class data points (over-sampling) in order to im-
prove accuracy. Two well-known techniques for increasing
the number of minority examples are random resampling and
SMOTE (Synthetic Minority Over-sampling TEchnique) [8].
In random resampling, minority class examples are ran-
domly replicated, but this can lead to overfitting. The
SMOTE algorithm inserts synthetic data into the original
data set to increase the number of minority class examples.
The synthetic points are generated from existing minority
class examples by taking the difference between the corre-
sponding feature values of a minority class example = and
one of its nearest neighbors in the minority class, multiplying
each feature difference by a random number between O and
1, and then adding these amounts to the feature vector of x.

SMOTE and its variations (for example [9]-[11]) have
shown that they can improve overall classification accuracy
and also improve the learning of the rare event. But SMOTE
and its variations work only in feature space, i.e., each
example is represented as a point in n-dimensional space
where n is the number of features of each example. However,
for some fields such as bioinformatics, image analysis,
and cognitive psychology, often the feature vectors are not
available. Instead, in these domains the data may be repre-
sented as a matrix of pairwise comparisons where typically
each element of the matrix is the distance (similarity or
dissimilarity) between the original data points. This matrix
represents the distance space of the data. Often, this distance
space is non-metric because the distance function used to
calculate the similarities or dissimilarities between the pairs
of data points does not satisfy the mathematical requirements
of a metric function. For example, the distances between
time series are often non-metric due to warping. When
only pairwise scores are available, the vector space based
approaches to adding synthetic points cannot be used. In
our experiments, we do not compare ghost points with
SMOTE or random resampling because SMOTE and random
resampling do not work in distance spaces, while the distinct
advantage of using ghost points is that they can be used in
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distance spaces.

Our approach to balancing the data sets is to use super-
vised learning to increase the size of the minority class by
inserting synthetic points directly into the distance space.
Our synthetic points do not have any coordinates, i.e., they
are not points in any vector space, which is why we call
our synthetic points ghost points. But our ghost points are
points in distance space. Fig. 1 shows the Wafer training set
before and after adding ghost points. The training set has
903 examples of the majority class and 97 examples of the
minority class for a total of 1000 examples. To create Fig. 1a,
we first took the original 1000 x 1000 distance matrix and
used PCA to reduce the dimensionality. For Fig. 1b we then
add 9 ghost points per minority example to the distance
matrix (to create a 1873 x 1873 matrix) and again run PCA.
The majority class is plotted as red circles, the minority class
as blue squares, and the ghost points as green squares. In
Fig. 1a, without ghost points, it is impossible to distinguish
the minority class from the majority class since the minority
class forms no cluster and many of the minority class points
overlap the majority class clusters. In Fig. 1b, after ghost
points are added to the training set, the underlying shape
of the data changes to form five discernable clusters. It is
clear that two of the clusters belong to the minority class
(the upper-left cluster and the lower-right cluster).

To show the flexibility of our approach, we inserted ghost
points into the distance spaces induced by two different
distance measures, Dynamic Time Warping (DTW) [12],
[13] and Optimal Subsequence Bijection (OSB) [14]. For
a nice overview of elastic sequence matching algorithms,
see [15]. The DTW distance between two sequences is the
sum of distances of their corresponding elements. Dynamic
programming is used to find corresponding elements so that
this distance is minimal. The DTW distance has been shown
to be superior to the Euclidean distance in many cases [16],
[17]. However, DTW is particularly sensitive to outliers,
since it is not able to skip any elements of the sequences. In
DTW, each element of the query sequence must correspond
to some element of the target sequence and vice versa. Thus,
the optimal correspondence computed by DTW is a relation
on the set of indices of both sequences, i.e., a one-to-many
and many-to-one mapping. The fact that outlier elements
must participate in the correspondence optimized by DTW
often leads to an incorrect correspondence of other sequence
elements. OSB computes the distance value between two
sequences based directly on the distances of corresponding
elements just as DTW does, but unlike DTW, OSB can skip
outlier elements of the query and target sequences when
computing the correspondence. This makes the performance
of OSB robust in the presence of outliers. Moreover, OSB
defines a bijection on the matched subsequences, which
means that we have a one-to-one correspondence of the
matched elements.

We chose support vector machines (SVMs) to perform the
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Figure 1. After using PCA on the distance matrix to reduce the
dimensionality from 1000 to 2, (a) the 1,000 examples are plotted (the
majority class as red circles and the minority class as blue squares). (b) is
the same data set with 9 ghost points (green squares) added per minority
example. In (a), it is impossible to distinguish the minority class from the
majority class as the minority class has no structure. However, in (b) there
are 5 distinct clusters, 2 of which belong to the minority class

classification because they are a fundamental machine learn-
ing tool and they have a strong theoretical foundation [18].
SVMs have been very successful in pattern recognition
and data mining applications on balanced data sets. But
when data sets are unbalanced, the SVM’s accuracy on
the minority/positive examples is poor. This is because the
class-boundary learned by the SVM is skewed towards the
majority/negative class [19]. This may lead to many posi-
tive examples being classified as negative (false negatives),
which in some situations can be very costly (e.g. missing an
oil spill, missing a cancer diagnosis). There are cost-sensitive



Figure 2. Example of a 4-point metric space that cannot be embedded
into a Euclidean space

SVMs, but often, the misclassification costs are unknown.
Our experimental results (see Sec. IV) show that inserting
ghost points in both DTW distance spaces and OSB distance
spaces can significantly increase the SVM’s ability to learn
the rare events. Furthermore, in most cases, the addition
of ghost points increases the SVM’s overall classification
accuracy.

In Section II, we introduce the definition of ghost points.
We discuss evaluating performance on imbalanced data sets
in Section III. Section IV presents our experimental results.
In Section V we summarize and discuss our future work.

II. DEFINITION OF GHOST POINTS

In many applications, only distance (or equivalently sim-
ilarity) information is available, in which case operations in
vector space cannot generate synthetic points. This is the
case when the data points do not have any coordinates, or if
the data points do have coordinates, the Euclidean distance
does not reflect their structure. Consequently, a distance
measure is used that is not equivalent to the Euclidean
distance, e.g., [12], [14]. For this kind of data, researchers
usually utilize embeddings to low dimensional Euclidean
spaces. However, embedding implies distance distortion.
It is known that not every four point metric space can
be isometrically embedded into an Euclidean space R,
e.g., see [20]. A simple example where distances are not
preserved when mapping to R* is presented in [21]. Given
the metric space X defined in Fig. 2, and the mapping
p:X =1{a,b,c,d} — RF for some k where p preserves the
distances, the triangle inequality holds for the elements a, b,
and d and thus the mapped points are collinear in the space
R*. This also holds for elements a, ¢, and d, i.e., they are
collinear in R*. But then ||p(b) — p(c)||2 = O contradicting
the fact that the original distance between b and c is 2.

Instead of embedding, we propose to add synthetic data
points directly to a given distance space. In this paper, a
distance space is a pair (X, p), where X is a setand p : X x

X — R is a distance function. We require only positivity,
p(x,y) > 0forall (z,y) € X xX, and symmetry, p(x,y) =
p(y,z) for all (z,y) € X x X. Clearly, we would like p to
be as close as possible to a metric, but this is not always
possible, e.g., there are clear arguments from human visual
perception that the distances induced by human judgments
are often non-metric [22].

The key observation of the proposed approach is that
although not every four point metric space can be embedded
into a Euclidean space, every three point metric space can
be isometrically embedded into the plane R2. Let (A, p),
where A = {z,a,b} C X, be a metric space with three
distinct points. Then it is easy to map A to the vertices of
a triangle on the plane. For example, we can construct an
isometric embedding h : A — R? by setting h(a) = (0,0)
and h(b) = (p(a,b),0). Then h(z) is uniquely defined as a
point with nonnegative coordinates such that its Euclidean
distance to h(a) is p(x,a) and its Euclidean distance to h(b)
is p(x,b). h : A — R? is an isometric embedding, since for
any two points y,z € A, p(y,2)? = ||y — z||?, where || - ||
is the standard L, norm that induces the Euclidean distance
on the plane. We stress that we do not require that (X, p)
is a metric space, but we require that the three point space
(A, p) is a metric space.

Let 11(a, b) denote the mean of two points a, b. If a,b € R,
then we have the usual formula (a,b) = %(a + b) (see
Fig. 3a, where red points are original data, green point e is
the ghost point and e = pu(a, b)).

Our first key contribution is the definition of pu(a,b) for
any two points a,b in a distance space X. To define u(a,b)
in a distance space X, we need to specify p(x, u(a,d)) for
every v € X. We first isometrically embed the three point
metric subspace A = {x,a,b} C X into the plane R? by
h. We define yu(a,b) = h=*(5(h(a) + h(b)). Since h(A)
defines vertices of a triangle on the plane, we can easily
derive that

() - MR o
1h(@) = h(@* | [Ih(z) = O _ |Ih(a) = hO)II”
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Since h is an isometry and p(a,b) = h='(3(h(a) + h(b)),
we obtain (see Fig. 3a)

1 1 1
plw, p(a,b))* = Sp(w,a)” + 5p(x,0)° = 7p(a,b)* (1)

Consequently, Eq. 1 defines the distance of every point z €
X to the new point p(a,b), which we call the mean of a
and b. By computing the distances of p(a,b) to all points
in X, we define a new point p(a,b), and the augmented set
X" = X U{p(a,b)} is also a distance space. We stress that
to add a new point p(a, b) to X we do not need to compute
the embedding h. We use h only to derive Eq. 1. Moreover,
since the embedding A is an isometry, Eq. 1 defines correct
distances from p(a,b) to all points in X.

[\)
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Figure 3. (a) shows the the construction of p(z,e) for e = u(a,b) for
a triple of points that satisfy the triangle inequality. The triple of points
in (b) cannot construct a triangle. The way to calculate p(z,e) for (b) is
shown in (c)

If the space X is finite, i.e., X = {z1,...,2,}, then
the distance function p : X x X — R is represented by
a square matrix M,(X). Each row of the square distance
matrix M,(X) is the distance of one data point z to all
data points in the data set, i.e., for all y € X, M,(z,y) =
p(x,y). The matrix for X U {u(a,b)} is obtained by simply
adding one row and one column to M ,(X), with each entry
computed using Eq. 1.

In Eq. 1 we assumed that the three point space (A, p)
is a metric space. Thus, we assume that the local structure
of any distance space X can be locally approximated by
the metric space, which is also the assumption for em-
bedding approaches [23], [24]. However, for a relatively
small fraction of point triples, it happens for some triples
A = {z,a,b} C X that (A,p) is not a metric space,
which may lead to a negative distance in Eq. 1. This is
the case if p(z,a) + p(z,b) < p(a,b). Then a triangle
with vertices h(a), h(b), h(x) cannot be constructed on the
plane, as illustrated in Fig. 3b. Since a single point h(x)
on the plane does not exist, we map h(z) to two different

Predicted | Predicted
Positive Negative
Actual Positive TP FN
Actual Negative FP TN
Table I

CONFUSION MATRIX

points denoted x, and x; such that p(z,a) = ||h(a) — x|
and p(x,b) = ||h(b) — xp||. Without loss of generality
we assume that p(z,a) > p(z,b). Then it is possible to
position points z, and x; on the plane such that (see Fig.
30): pla,a) = ||h(a) — zall, p(a,b) = ||A(b) - wl, and
[1h((a, b)) — zall = [In(u(a, b)) — wbl|.

Thus, both points x, and x; are the same distance away
from h(p(a,b)), and this distance is equal to %||h(a) —
h(b)|| = ||z — b||. Therefore, we define h(x) = {z4,xp}
and

ol la,) = 5p(a,b) = (D) @

Formally, h maps = to a single point in a quotient space
R?/{x,, 7y}, and h remains an isometric embedding but
to the quotient space. Thus, the proposed approach can be
applied to non-metric distance spaces, and our construction
guarantees that the distances to all ghost points are nonneg-
ative. The obtained distances also preserve symmetry.

However, it may happen that two different points have
distance zero, and this is possible even if X is a metric space.
For example, assume that X is a sphere of radius 1 and that
points a and b are on the north and south poles. For any point
x € X on the equatorial line the distance between f(a, b)
and x becomes p(z, iu(a,b))? = 0.5(r/2) + 0.5(7/2)? —
0.2572 = 0. Therefore, every point on the equatorial line has
a distance of 0 to the ghost point ;(a,b). This example also
shows that adding ghost points to a metric space may lead
to a non-metric space. We stress however that the intended
application of the proposed method is to densify distance
spaces that are non-metric, since such spaces are common in
many cognitively motivated tasks such as distances between
images, shapes, text documents, and so on.

III. EVALUATING PERFORMANCE

In many real-world situations, the minority class, the
class with the fewest examples, is by far the most im-
portant class. Take for example the Mammography data
set [25], which consists of non-calcification (non-cancerous)
and calcification (cancerous) examples. The data set has
11, 183 examples of which only 260 (2.32%) are examples
of cancer. A trivial classifier that classifies all examples as



non-cancerous will achieve an accuracy of 97.68%, though
its error rate for the minority class is 100%. For this data set,
there are also uneven costs associated with misclassifying a
normal example and misclassifying a cancerous example.
If a healthy patient is incorrectly diagnosed with having
breast cancer, there is a cost associated with this error (fear,
unnecessary tests) but eventually the misdiagnosis will be
found. On the other hand, if a patient who does have breast
cancer is incorrectly diagnosed as being healthy, then the
cost could be her life since she will not get appropriate
treatment. When the performance on the minority class is
as important or more important than overall accuracy, other
performance measures must be used. A common measure is
Fz-measure [26] which is defined below.

Most studies on the class imbalance problem concentrate
on two-class problems since multi-class data sets can easily
be reduced to two classes (see Sec. IV). In an imbalanced
data set, one class, the majority class or the negative class,
has many examples, while the other class, the minority class
or positive class, has few examples. These imbalances in
real world data sets can be 2:1, 1,000:1, or even 10,000:1.
When a data set is imbalanced, the usual forms of evaluating
performance do not work. For classification, generally the
overall accuracy (the fraction of examples that are correctly
classified) or error rate (1 — accuracy) is reported, but
this does not have much value if the interest lies in the
minority class. It has been empirically shown that accuracy
can lead to poor performance for the minority class [27].
Another problem with using accuracy as the performance
metric is that different classification errors are given the
same importance, whereas in actuality their costs might
differ significantly.

For imbalanced data sets when the minority class is the
important class, performance metrics borrowed from the
information retrieval community [26] are often used. They
are based on a confusion matrix (see Table I), that reports
the number of true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN). These are
then used to define metrics that evaluate the performance
of a learner on the minority class, such as recall, precision,
and Fz-measure. The formulas for these metrics are given
below. The precision of a class (Eq. 4) is the number of
TPs divided by the total number of examples predicted as
positive. A precision score of 1.0 means that every example
predicted as a positive example is a positive example, though
there may be some positive examples that were labeled as
negative. The recall of a class (Eq. 3) is the number of TPs
divided by the number of examples that are actually positive.
A recall score of 1.0 means that every positive example
is labeled correctly, though some negative examples may
have also been labeled as positive. There is always a trade-
off between precision and recall, but for data sets where
the cost of false negatives is high, a high recall value is
preferable. The Fg-measure [26] (Eq. 6) is the weighted

harmonic mean of precision and recall and merges recall
and precision into a single value. The best I3 score is 1 and
the worst is 0. The 3 parameter controls the relative weight
given to recall and precision. Fig “measures the effectiveness
of retrieval with respect to a user who attaches (3 times
as much importance to recall as precision” [26]. If correct
classification of the minority class is important, when false
negatives have similar costs to false positives, then the F}-
measure (3 = 1) is used because precision and recall are
weighted equally. When the cost of false negatives is more
than that of false positives, then the Fy-measure (G = 2) is
better because it weights recall twice as heavily as precision.

TP
Recall = TPLFN 3)
TP
Precision = ————— 4
recision TP+ FP 4)
TP+ TN
A Y = 5
Ceuray = rp Y FP+ TN + FN ©®)

Recall x Precision
32 x Precision + Recall
IV. EXPERIMENTAL RESULTS

Fg=(1+p%)

(6)

Unlike other techniques that add synthetic points, ghost
points have the advantage that they can be added in distance
space. To show that they will work with different distance
measures, we use both Dynamic Time Warping (DTW) and
Optimal Subsequence Bijection (OSB) as distance measures
on the UCR Time Series data sets [28] for our experiments.
The UCR Time Series data repository has available 20 data
sets from various domains. The time series length ranges
from 60 (Synthetic Control data set) to 637 (Lightning-2
data set) and the number of classes in a data set ranges
from 2 to 50. Each data set is divided into a fixed training
set and testing set. The number of examples in a training set
ranges from 24 (Face(four) data set) to 1,000 (Wafer), and
the number of testing examples ranges from 28 (Coffee) to
6,174 (Wafer). In our experiments, we use fourteen of the
data sets (see Fig. 4 and Fig. 6 for a list of the data sets
used).

A. Methodology

We add ghost points to the minority class of the training
and testing set and perform classification in the following
way:

1) The training set

a) Given a training set consisting of m time series
examples with sequence length s, create the
m X m distance matrix by calculating the OSB or
DTW distance between each pair of examples.

b) For each minority class example =, add k-many
ghost points by inserting one ghost point between
z and each of its knn. This gives us a total of p
new points.



. Overall Fi-Measure: F>-Measure:
Characteristics o o
Accuracy Minority Class | Minority Class
#GP Added | Number |Number of| Number of
Data Set | Per Minority of Minority |Non-Minority] SVM [SVM-GP| SVM [SVM-GP| SVM |SVM-GP
Example Classes | Examples | Examples
OSULeaf 1 6 15 185 0.550 0.591 0.200 0.579 0.152 0.514
‘Wafer 7 2 97 903 0.964 0.999 0.802 0.994 0.719 0.996
Lightning2 1 2 20 40 0.738 0.836 0.636 0.800 0.547 0.786
ECG 2 2 31 69 0.870 0.920 0.794 0.892 0.731 0.907
Figure 4. The results of adding ghost points to the OSB distance scores on originally imbalanced time series data sets. Grayed results indicate best
performers
L. Overall Fi-Measure: F>-Measure:
Characteristics o oo
Accuracy Minority Class | Minority Class
#GP Added | Number [Number of] Number of
Data Set | Per Minority of Minority |Non-Minority] SVM [SVM-GP| SVM [SVM-GP| SVM |SVM-GP
Example Classes | Examples | Examples
OSULeaf 2 6 15 185 0517 | 0537 | 0138 | 0500 | 0102 | 0487
Wafer 5 2 97 903 0.968 | 0997 | 0830 | 0986 | 0.759 | 0.988
Lightning? 2 2 20 40 0.770 0.820 0.682 0.792 0.586 0.766
ECG 2 2 31 69 0.800 0.7%0 0.688 0.696 0.640 0.678
Figure 5. The results of adding ghost points to the DTW distance scores on originally imbalanced time series data sets. Grayed results indicate best
performers
¢) Calculate the distance from the p ghost points e) Run SVM to test.
to every other point in the training set using There are two critical parameters to set when we convert
Eq. l;we now have.ar.l (m+p)x (m+p) marix.  the distance matrices to kernels, A and K, that modify the
d) Convert both the .orlgmal ar.1d augm.ented OSBor 4 for the Gaussian Kernel function. As stated in [30], the
DTW score matrix to affinity matrices using the  gcaling parameter o is some measure of when two points
approach in [29]~ . are considered similar. It is common for ¢ to be chosen
e) Use these affinity matrices as the user-defined  manually, but sometimes a single value of o does not work
or precomputed kernels for the SVM to get two well for an entire data set. Therefore, we use the method
models: one that includes ghost points and one  jn [29] to calculate the local scaling parameter o;; for each
that does not. . pair of data points ; and x;. The affinity between a pair of
f) Run SVM to train. points can be written as:

2) The testing set

a)

b)

c)

d)

Given a testing set consisting of n time series
examples with sequence length s, create the n x
m OSB or DTW distance score matrix.
Calculate the distance from each test data point
to each of the p ghost points using Eq. 1; we
now have an n x (m + p) distance matrix.
Convert both the original and augmented OSB
or DTW score matrix to an affinity matrix as in
step 1d above.

Use these affinity matrices as the user-defined or
precomputed kernels for the SVM as in step le
above.

2
k(zi,z;) = exp(m) @)
Uij

where o;; = A mean{knn d(z;), knn d(z;)},
mean{knn d(z;),knn d(x;)} is the the mean distance of
the K -nearest neighbors of points x;, =, and A is an extra
scaling parameter. For the SVM, there is a third parameter
to set, which is the cost parameter C. For all experiments
we used A = 0.5, K =5, and C = 0.5. We run SVM on
the four matrices (after converting them to kernels): OSB
score matrix without ghost points; OSB score matrix with
ghost points; DTW score matrix without ghost points; and
DTW score matrix with ghost points.



L. Overall F;-Measure: F,-Measure:
Characteristics D oo
Accuracy Minority Class | Minority Class
4GP Added 2:‘5;::: Number of '\":f::_‘" of
Data Set Per Minority | Minority Lo SVM |SVM-GP| SVM (SVM-GP| SVM |SVM-GP
Example of Examples Minority
Classes Examples
SyntheticControl 4 6 50 250 0.967 0.997 0.909 0.990 0.962 0.996
FaceAll 2 14 40 520 0.997 0.999 0.925 0.984 0.951 0.975
SwedishLeaf 6 15 26 474 1.000 1.000 1.000 1.000 1.000 1.000
Trace 3 4 21 79 0.930 0.970 0.363 0.945 0.797 0.915
FaceFour 1 4 3 21 0.807 0.977 0.514 0.960 0.398 0.938
Lightning7 3 7 5 65 0.877 0.959 0.182 0.824 0.122 0.745
Adiac 1 37 4 336 0.959 0.962 0.000 0.286 0.000 0.217
Fish 2 7 21 154 0.954 0.983 0.340 0.945 0.766 0.916
Beef 3 5 6 24 0.800 0.800 0.000 0.400 0.000 0.357
OliveQil 3 4 4 26 0.900 0.933 0.400 0.667 0.294 0.556
Figure 6. The results of adding ghost points to the OSB distance scores on artificially imbalanced time series data sets. Grayed results indicate best
performers
e Overall Fi-Measure: F>-Measure:
Characteristics
Accuracy Minority Class | Minority Class
4GP Added 2:‘5;::: Number of '\":f::_‘" of
Data Set Per Minority | Minority Lo SVM |SVM-GP| SVM (SVM-GP| SVM |SVM-GP
Example of Examples Minority
Classes Examples
SyntheticControl 1 6 50 250 0.993 1.000 0.980 1.000 0.992 1.000
FaceAll 6 14 40 520 0.988 0.996 0.337 0.945 0.326 0.923
SwedishLeaf 11 15 26 474 0.982 1.000 0.382 1.000 0.8354 1.000
Trace 3 4 21 79 0.920 0.970 0.340 0.945 0.766 0.915
FaceFour 2 4 3 21 0.727 0.955 0.143 0.917 0.094 0.873
Lightning7 1 7 5 65 0.363 0.877 0.000 0.182 0.000 0.122
Adiac 2 37 4 336 0.959 0.962 0.000 0.348 0.000 0.282
Fish 2 7 21 154 0.943 0.949 0.792 0.816 0.704 0.735
Beef 2 5 6 24 0.800 0.800 0.000 0.400 0.000 0.357
OliveQil 3 4 4 26 0.867 0.933 0.000 0.667 0.000 0.556
Figure 7. The results of adding ghost points to the DTW distance scores on artificially imbalanced time series data sets. Grayed results indicate best
performers

are OSU Leaf, Wafer, Lightning-2, and ECG. OSU Leaf
has 6 classes, and the other three have 2 classes each. We
compare the results of SVM on OSB with and without ghost
points on the four data sets in Fig. 4 and the results of SVM
on DTW with and without ghost points on the four data sets
in Fig. 5. Because we are interested in the performance on
minority classes, specifically minimizing the number of false
negatives, we measure the overall accuracy (Eq. 5), the F}-
measure (Eq. 6 with 8 = 1) which weights precision and
recall equally, and the F»-measure (Eq. 6 with 8 = 2) which
weights recall twice as heavily as precision.

The final parameter to set is the number of ghost points to
add per minority example, as the final results can be sensitive
to the number of ghost points added. If the data set is highly
imbalanced, a good heuristic is to balance the the classes,
but this does not always give the best results. How to choose
the optimal number of ghost points is an open question that
we will be addressing in the future.

B. Results

Of the 20 UCR time series data sets, there are only four
that have a true minority class (the smallest class is at most
50% of the size of the next smallest class). These data sets



As the results show in Fig. 4, for the OSB score ma-
trix, adding ghost points increases, for all four data sets,
the overall accuracy, the Fj-measure and the F,-measure.
Adding ghost points to the OSU Leaf data set increases
the overall accuracy by only 4.1 percentage points, but the
Fi-measure and the Fh-measure increase by 37.9 and 36.2
percentage points respectively. For the ECG data set, adding
ghost points increases the overall accuracy by 9.8 percentage
points, and the F}-measure and the F-measure by 16.4 and
23.9 percentage points respectively.

When using the DTW score matrix (Fig. 5), adding ghost
points increases the overall accuracy, the Fij-measure, and
the Fy-measure for three of the four data sets. For OSU Leaf,
adding ghost points increases the overall accuracy by only 2
percentage points, but the F}-measure and the F»-measure
increase by 36.2 and 38.5 percentage points respectively.
The only decrease in performance is for the ECG data set,
where the accuracy decreases 1 percentage point when ghost
points are added, but even here the F;-measure and the F5-
measure increase.

In order to evaluate ghost points further, we also create
artificially imbalanced data sets. Using ten other data sets
from the UCR repository that have more than two classes,
we keep the class with the least number of examples as the
minority class, and then collapse the remaining classes into
one, giving us imbalanced data sets with two classes each.
If there is more than one “least” class, we choose randomly
among them the class that will be the minority class. We
then perform the same steps described above. See Fig. 6
and Fig. 7 for the results.

With the OSB score matrix (Fig. 6), ghost points improve
SVM’s overall accuracy rate on eight of the ten data sets
(on the other two data sets, the accuracy remains the same).
On nine of the ten data sets, the Fj-measure and the Fy-
measure improve with ghost points. For the Face Four data
set, the overall accuracy increases 17 percentage points by
adding ghost points, and the F;-measure and the Fs-measure
increase 44.6 and 54 percentage points respectively. On
the Lightning-7 data set, ghost points increase the overall
accuracy by 8.2, the Fj-measure by 64.2, and the Fj-
measure by 62.3 percentage points. For the Beef data set,
though the accuracy does not change by adding ghost points,
without them the F}-measure and the F5-measure are zero
since SVM does not classify any of the six positive examples
as positive. Adding ghost points increases the Fj-measure
and the Fh-measure by 40 and 35.7 percentage points
respectively. The Swedish Leaf data set is the only data set
that does not improve in any of the performance measures
because the overall accuracy, recall, and precision are 100%
both with and without ghost points.

The results are similar for DTW, as seen in Fig. 7. On nine
of the ten data sets, the overall accuracy improves with ghost
points (on the tenth data set the accuracy is unchanged). On
all ten data sets the F}-measure and the F5-measure increase.

The most dramatic increase is on the Face Four data set.
Overall accuracy increases 22.8 percentage points with ghost
points, the F’-measure increases 77.4 percentage points and
the Fh-measure increases 77.9 percentage points. For four
of the data sets, without ghost points the F}-measure and
the Fs-measure are zero, i.e., SVM does not classify any of
the positive examples correctly. Adding ghost points allows
the SVM to correctly identify at least some of the positive
examples.

V. CONCLUSIONS

We introduce an innovative method for over-sampling
the minority class of imbalanced data sets. Unlike other
feature based methods, our synthetic points, which we call
ghost points, are added in distance space. The experimental
results on standard time series data sets show that adding
ghost points to the minority class can significantly improve
the overall accuracy, and especially the F}-measure and
Fs-measure. In our future work, we will explore optimal
strategies for adding ghost points.

REFERENCES

[1] M. Kubat, R. C. Holte, S. Matwin, R. Kohavi, and F. Provost,
“Machine learning for the detection of oil spills in satellite
radar images,” in Machine Learning, 1998, pp. 195-215.

[2] P. Chan and S. J. Stolfo, “Toward scalable learning with
non-uniform class and cost distributions: A case study in
credit card fraud detection,” in In Proceedings of the Fourth
International Conference on Knowledge Discovery and Data
Mining. AAAI Press, 1998, pp. 164-168.

[3] L. Mena and J. Gonzalez, “Machine learning for imbalanced
datasets: Application in medical diagnostic,” in In Proceed-
ings of the 19th International FLAIRS Conference, 2006.

[4] G. M. Weiss and H. Hirsh, “Learning to predict rare events
in event sequences,” in In Proceedings of the Fourth Interna-
tional Conference on Knowledge Discovery and Data Mining.
AAALI Press, 1998, pp. 359-363.

[5] G.E.A.P. A.Batista, R. C. Prati, and M. C. Monard, “A study
of the behavior of several methods for balancing machine
learning training data,” SIGKDD Explor. Newsl., vol. 6, no. 1,
pp. 20-29, 2004.

[6] D. A. Cieslak and N. V. Chawla, “Start globally, optimize lo-
cally, predict globally: Improving performance on imbalanced
data,” in ICDM ’08: Proceedings of the 2008 Eighth IEEE
International Conference on Data Mining. Washington, DC,
USA: IEEE Computer Society, 2008, pp. 143—-152.

[7] G. M. Weiss, “Mining with rarity: a unifying framework,”
SIGKDD Explor. Newsl., vol. 6, no. 1, pp. 7-19, 2004.

[8] N. V. Chawla, K. W. Bowyer, and W. P. Kegelmeyer, “Smote:
Synthetic minority over-sampling technique,” Journal of Ar-
tificial Intelligence Research, vol. 16, pp. 321-357, 2002.



(9]

(10]

(1]

(12]

(13]

[14]

[15]

[16]

(17]

(18]

[19]

N. V. Chawla, A. Lazarevic, L. O. Hall, and K. W. Bowyer,
“Smoteboost: improving prediction of the minority class in
boosting,” in Proceedings of the Principles of Knowledge
Discovery in Databases, PKDD-2003, 2003, pp. 107-119.

R. Akbani, S. Kwek, and N. Japkowicz, “Applying support
vector machines to imbalanced datasets,” in ECML, 2004, pp.
39-50.

H. Han, W. Wang, and B. Mao, “Borderline-smote: A new
over-sampling method in imbalanced data sets learning.” ser.
Lecture Notes in Computer Science, vol. 3644.  Springer,
2005, pp. 878-887.

D. J. Berndt and J. Clifford, “Using dynamic time warping
to find patterns in time series,” in KDD Workshop, 1994, pp.
359-370.

H. Sakoe and S. Chiba, “Dynamic programming algorithm
optimization for spoken word recognition,” IEEE Transac-
tions on Acoustics, Speech, and Signal Processing, vol. 26,
pp. 43-49, 1978.

L. J. Latecki, Q. Wang, S. Koknar-Tezel, and V. Mega-
looikonomou, “Optimal subsequence bijection,” Data Mining,
IEEE International Conference on, vol. 0, pp. 565-570, 2007.

T. Giorgino, “Computing and visualizing dynamic time warp-
ing alignments in R: The dtw package,” Journal of Statistical
Software, vol. 31, no. 7, pp. 1-24, 2009.

Aach and Church, “Aligning gene expression time series with
time warping algorithms,” Bioinformatics, vol. 17, pp. 495—
508, 2001.

Yi, Jagadish, and Faloutsos, “Efficient retrieval of similar time
sequences under time warping,” in Proceedings Int. Conf. on
Data Engineering (ICDE98), 1998, pp. 201-208.

V. N. Vapnik, The nature of statistical learning theory. New
York, NY, USA: Springer-Verlag New York, Inc., 1995.

G. Wu and E. Y. Chang, “Class-boundary alignment for
imbalanced dataset learning,” in Workshop on Learning from
Imbalanced Datasets in International Conference on Machine
Learning (ICML), 2003.

(20]

[21]

(22]

(23]

[24]

[25]

[26]

(27]

(28]

[29]

(30]

J. Matousek, Lectures on Discrete Geometry. Secaucus, NJ,
USA: Springer-Verlag New York, Inc., 2002.

C. Georgiou and R. H. Hatami, “CSC2414- Metric embed-
dings. Lecture 1: A brief introduction to metric embeddings,
examples and motivation,” 2008.

J. Laub and K.-R. Miiller, “Feature discovery in non-metric
pairwise data,” Journal of Machine Learning Research, vol. 5,
pp- 801-818, 2004.

S. Roweis and L. Saul, “Nonlinear dimensionality reduction
by locally linear embedding,” Science, vol. 290, pp. 2323—
2326, 2000.

J. B. Tenenbaum, V. de Silva, and J. C. Langford, “A global
geometric framework for nonlinear dimensionality reduction,”
Science, vol. 290, pp. 2319-2323, 2000.

K. Woods, C. Doss, K. Bowyer, J. Solka, C. Priebe, and
P. Kegelmeyer, “Comparative evaluation of pattern recogni-
tion techniques for detection of microcalcifications in mam-
mography,” International Journal of Pattern Recognition and
Artificial Intelligence, vol. 7, pp. 1417-1436, 1993.

C. van Rijsbergen, in Information Retrieval. Butterworths,
London, 1979.

G. M. Weiss and F. Provost, “Learning when training data
are costly: The effect of class distribution on tree induction,”
Journal of Artificial Intelligence Research, vol. 19, pp. 315—
354, 2003.

Keogh, Xi, Wei, and Ratanamahatana, “Ucr time series clas-
sification/clustering page,” Website, http://www.cs.ucr.edu/
~eamonn/time_series_data/.

X. Yang, X. Bai, L. J. Latecki, and Z. Tu, “Improving shape
retrieval by learning graph transduction.” in ECCV (4), ser.
Lecture Notes in Computer Science, vol. 5305.  Springer,
2008, pp. 788-801.

L. Zelnik-Manor and P. Perona, “Self-tuning spectral cluster-
ing,” in Advances in Neural Information Processing Systems

17.  MIT Press, 2004, pp. 1601-1608.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /CMBX12
    /CMBX5
    /CMBX6
    /CMBX7
    /CMBX8
    /CMBX9
    /CMBXSL10
    /CMBXTI10
    /CMCSC10
    /CMCSC8
    /CMCSC9
    /CMDUNH10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /CMFI10
    /CMFIB8
    /CMINCH
    /CMITT10
    /CMMI10
    /CMMI12
    /CMMI5
    /CMMI6
    /CMMI7
    /CMMI8
    /CMMI9
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /CMR12
    /CMR17
    /CMR5
    /CMR6
    /CMR7
    /CMR8
    /CMR9
    /CMSL10
    /CMSL12
    /CMSL8
    /CMSL9
    /CMSLTT10
    /CMSS10
    /CMSS12
    /CMSS17
    /CMSS8
    /CMSS9
    /CMSSBX10
    /CMSSDC10
    /CMSSI10
    /CMSSI12
    /CMSSI17
    /CMSSI8
    /CMSSI9
    /CMSSQ8
    /CMSSQI8
    /CMSY10
    /CMSY5
    /CMSY6
    /CMSY7
    /CMSY8
    /CMSY9
    /CMTCSC10
    /CMTEX10
    /CMTEX8
    /CMTEX9
    /CMTI10
    /CMTI12
    /CMTI7
    /CMTI8
    /CMTI9
    /CMTT10
    /CMTT12
    /CMTT8
    /CMTT9
    /CMU10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




