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Abstract Many supervised machine learning tasks can be cast as multi-class clas-
sification problems. Support vector machines (SVMs) excel at binary classifi-
cation problems, but the elegant theory behind large-margin hyperplane cannot
be easily extended to their multi-class counterparts. On the other hand, it was
shown that the decision hyperplanes for binary classification obtained by SVMs
are equivalent to the solutions obtained by Fisher’s linear discriminant on the set
of support vectors. Discriminant analysis approaches are well known to learn dis-
criminative feature transformations in the statistical pattern recognition literature
and can be easily extend to multi-class cases. The use of discriminant analysis,
however, has not been fully experimented in the data mining literature. In this
paper, we explore the use of discriminant analysis for multi-class classification
problems. We evaluate the performance of discriminant analysis on a large col-
lection of benchmark datasets and investigate its usage in text categorization. Our
experiments suggest that discriminant analysis provides a fast, efficient yet accu-
rate alternative for general multi-class classification problems.

Keywords Multi-class classification · Discriminant analysis

1 Introduction

Classification tasks aim to assign a predefined class to each instance. It can
help to understand existing data and be used to predict how new instances will
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behave. The problem can be treated as a regression problem which be formally
defined as follows: given a set of training samples, in the form of 〈xi , yi 〉, the
goal is to learn an approximate function f̂ of the underlying function f , such that
yi = f (xi )+εi , where εi is the error. The error here is defined as the difference be-
tween the real targets, where numeric values, 1 and 0, represent logic values, true
and false, respectively, and the estimated values, which is the score of being true.
Though the distribution of the errors is neither normal nor individually indepen-
dent, we treat them as noise for simplicity. Generally each sample is represented
as a multi-dimensional vector and the function f takes values from a discrete set
of “class labels”: {c1, c2, . . . , cn}. In cases when n = 2, i.e., there are only two
possible values for f , the classification problems are referred as binary classifi-
cation problems. We can use the n estimated scores to decide which one is real
true case. Most machine learning algorithms were devised first for binary classi-
fication problems. On the other hand, many real-word problems have more than
two classes to deal with. Typical examples include optical character recognition
(OCR), object and gesture recognition, part-of-speech tagging, text categorization
and microarray data analysis.

Support vector machines (SVMs) [55] have shown superb performance at bi-
nary classification tasks. They are accurate, robust and quick to apply to test in-
stances. However, the elegant theory behind the use of large-margin hyperplanes
cannot be easily extended to multi-class classification problems. A number of
reduction approaches such as one-versus-the-rest method [6], pairwise compar-
ison [25], direct graph traversal [44], error-correcting output coding [1, 12], and
multi-class objective functions [56] have been proposed to first reduce a multi-
class problem to a collection of binary-class problems and then combine their
predictions in various ways. In practice, the choice of reduction method from
multi-class to binary is problem-dependent and not a trivial task since each re-
duction method has its own limitations [1]. In addition, regardless of specific
details, these reduction techniques are not well suited for classification problems
with a large number of categories because SVMs, while accurate and fast to ap-
ply, require O(nα) time to train, where usually α ∈ [1.7, 2.1] [29]. The prediction
time of a new instance also increases significantly when the number of classes
becomes larger. Hence, despite the theoretical elegance and superiority of SVMs,
the training/prediction time requirement and scaling are great concerns.

Discriminant analysis approaches are well known to learn discriminative fea-
ture transformations in the statistical pattern recognition literature and have been
successfully used in many recognition tasks [17]. Fisher discriminant analysis [15]

finds a discriminative feature transform as eigenvectors of matrix T = �̂
−1
w �̂b

where �̂w is the intra-class covariance matrix and �̂b is the inter-class covariance
matrix. Basically T captures both compactness of each class and separations be-
tween classes and hence eigenvectors corresponding to largest eigenvalues of T
would constitute a discriminative feature transform. Shashua [52] showed that the
decision hyperplanes for binary classification obtained by SVMs is equivalent to
the solution obtained by Fisher’s linear discriminant on the set of support vectors.
For the multi-class cases, such equivalence is not clear. Liner discriminant analysis
approach is similar to Gaussian Processes [3, 20] in the way of inference from the
covariance matrix of training data. Also, Gallinari et al. [18] showed that neural
network classifiers are equivalent to discriminant analysis. Fisher’s discriminant
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analysis was first described for two-class cases [15], and can be easily extended
to multi-class cases via multiple discriminant analysis [30]. In fact, discriminant
analysis has been widely used in face recognition [17]. These observations hint
that discriminant analysis could be very promising for multi-class classification
tasks. However, there is little investigation on the benchmark datasets in machine
learning and data mining.

In this paper, we present a comprehensive experimental study of the use of dis-
criminant analysis for multi-class classification. We evaluate the performance of
discriminant analysis on a large collection of benchmark datasets and investigate
its usage in text categorization. Our study shows that discriminant analysis has
several favorable properties: first, it is simple and can be easily implemented; sec-
ond, it is efficient and most of our experiments only took a few seconds; last but not
the least, it also has comparable accuracy in performance on most of the datasets
we experimented. The rest of the paper is organized as follows: Section 2 reviews
the related work on multi-class classification. Section 3 gives a brief overview
of Linear Discriminant Analysis (LDA). Section 4 discusses some of the issues
in discriminant analysis. Section 5 shows our experimental results on a variety
of benchmark data sets. Section 6 presents the case study of using LDA for text
categorization, and finally Sect. 7 provides our conclusions.

2 Related work

Generally speaking, multi-class classification approaches can be roughly parti-
tioned into two groups. The first group consists of those algorithms that can be
naturally extended to handle multi-class cases. This group contains such algorithm
as nearest neighborhoods [26], regression and decision trees including C4.5 [45]
and CART [7]. The second group consists of methods that involve reduction of
multi-class classification problems to binary ones. Depending on the reduction
technique that is used, the group can be further divided into one-versus-the-rest
method [6, 50], pairwise comparison [16, 25, 32], direct graph traversal [44],
error-correcting output coding [1, 12], multi-class objective functions [56].

The idea of the one-versus-the-rest method is as follows: to get a K -class clas-
sifier, first construct a set of binary classifiers C1, C2, . . . , CK . Each binary clas-
sifier is first trained to separate one class from the rest and then the multi-class
classification is carried out according to the maximal output of the binary classi-
fiers. Since the binary classifiers are obtained by training on different binary clas-
sification problems, it is unclear whether their real-valued outputs (before thresh-
olding) are on comparable scales [50]. In practice, however, situations often arise
where several binary classifiers assign the same instance to their respective class
(or where none does). In addition, binary one-versus-the-rest classifiers has been
criticized for dealing with rather asymmetric problems [50].

In pairwise comparison, a classifier is trained for each possible pair of classes.
For K classes, this results in (K −1)K/2 binary classifiers. Given a new instance,
the multi-class classification is then executed by evaluating all (K − 1)K/2 in-
dividual classifiers and assigning the instance to the class which gets the highest
number of votes. Basically the individual classifiers used in pairwise comparison
have smaller training sets comparing with the one-versus-the-rest method. Also
the individual classifiers are usually easier to be learned since the classes have
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less overlap. However, pairwise comparison implies a large number of individual
classifiers, especially for datasets with lots of classes.

Direct graph traversal method is an extension of pairwise comparison. The
training phase of the direct graph traversal is the same as that of pairwise com-
parison by building (K − 1)K/2 individual classifiers. To classify new instances,
however, direct graph traversal method uses a rooted binary directed acyclic graph
which has (K − 1)K/2 internal nodes and K leaves. Each classification run then
corresponds to a directed traversal of the graph and classification can be much
faster. Hsu and Lin [27] compared the performance of three methods for multi-
class support vector machine: one-versus-the-rest, pairwise comparison and direct
graph traversal. Their experiments indicated that the performance of three meth-
ods are very similar and no one method is statistically better the others.

Error-correcting output coding (ECOC) was developed by Dietterich and
Bakiri [12]. In a nutshell, the idea here is to generate a number of binary clas-
sification problems by smartly splitting the original set of classes into two sets.
In other words, each class is assigned a unique binary strings of length l (these
strings are regarded to codewords). Then l classifiers are trained to predict each
bit of the string. For new instances, the predicted class is the one whose codeword
is the closest (in Hamming distance) to the codeword produced by the classifiers.
Allwein et al. [1] extended ECOC and presented a general framework that unifies
methods of reducing multi-class to binary including one-versus-the-rest, pairwise
comparison and ECOC. Allwein et al. [1] also gave the loss-based coding scheme
which takes margins into consideration and is more sophisticated and efficient
than Hamming coding. In addition, it presented experimental results with a vari-
ety of multi-to-binary-class reductions and demonstrated that although loss-based
coding is better than Hamming coding in most cases, the best method seems to be
problem-dependent.

Weston and Watkins [56] and Vapnik [55] proposed approaches for multi-class
classification by solving one single optimization problem. The idea is to directly
modify the objective function of support vector machine (SVM) in such a way that
it allows simultaneous computation of a multi-class classifier. In terms of accuracy,
the results obtained by this approach are comparable to those obtained by the
widely used one-versus-the-rest method. But, the multi-class objective function
has to deal with all the support vectors at the same time and hence lead to long
training time.

In practice, the choice of reduction method from multi-class to binary is
problem-dependent and not a trivial task. Crammer and Singer [10] discussed the
problem of designing output codes for multi-class classification problems. Dis-
criminant analysis is a direct method for multi-class classification and it does not
require reducing multi-class to binary.

Next we review some other multi-class classification approaches that were de-
veloped recently. Park et al. [43] presented an algorithm for dimensional reduction
for text representation based on cluster structure preserving projection using gen-
eralized singular value decomposition (GSVD). Godbole et al. [21] presented a
new technique for multi-class classification by exploiting the accuracy of SVMs
and the speed of Naive Bayes (NB) classifiers. The new technique first utilized a
NB classifier to quickly compute a confusion matrix which is used to reduce the
number and complexity of the two-class SVMs that are built in the second stage.
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More literature on multi-class classification and its applications can be found in
[11, 19, 23, 33, 46, 48, 60].

In summary, as pointed out in [50], it is fair to say that there is probably no
multi-class approach generally outperforms the others. For practical problems, the
choice of approach will depend on constraints on hand such as required accuracy,
the time available for development and training and the nature of the classification
problem. The simple, efficient and accurate discriminant analysis provides a good
choice for practical multi-class classification problems.

3 Linear discriminant analysis (LDA)

In this paper, we focus on linear transformation since linear discriminant analysis
frequently achieves good performances in the tasks of face and object recogni-
tion, even though the assumptions of common covariance matrix among groups
and normality are often violated [13]. In addition, kernel tricks can be used with
linear discriminant analysis for non-linear transformation [39]. The basic idea of
LDA is to find a linear transformation that best discriminate among classes and
the classification is then performed in the transformed space based on some met-
ric such as Euclidean distance. Mathematically a typical LDA implementation is
carried out via scatter matrix analysis [17].

3.1 Two-class LDA

Fisher [15] first introduced LDA for two classes and its idea was to transform the
multivariate observations x to univariate observations y such that the y’s derived
from the two classes were separated as much as possible. Suppose that we have
a set of m p-dimensional samples x1, x2, . . . , xm (where xi = (xi1, . . . , xip))
belonging to two different classes, namely c1 and c2. For the two classes, the
scatter matrices are given as

Si =
∑

x∈ci

(x − x̄i )(x − x̄i )
′,

where x̄i = 1
mi

∑
x∈ci

x and mi is the number of samples in ci . Hence the total
intra-class scatter matrix is given by

�̂w = S1 + S2 =
∑

i

∑

x∈ci

(x − x̄i )(x − x̄i )
′. (1)

The inter-class scatter matrix is given by

�̂b = (x̄1 − x̄2)(x̄1 − x̄2)
′. (2)

Fisher’s criterion suggested the linear transformation � to maximize the so-called
Rayleigh coefficient, that is, the ratio of the determinant of the inter-class scatter
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matrix of the projected samples to the intra-class scatter matrix of the projected
samples:

J (�) = |�T �̂b�|
|�T �̂w�| . (3)

If �̂w is non-singular, Eq. (3) can be solved as a conventional eigenvalue problem
and � is given by the eigenvectors of matrix �̂−1

w �̂b.

3.2 Multi-class LDA

If the number of classes are more than two, then a natural extension of Fisher Lin-
ear discriminant exists using multiple discriminant analysis [30]. As in two-class
case, the projection is from high dimensional space to a low dimensional space
and the transformation suggested still maximize the ratio of intra-class scatter to
the inter-class scatter. But unlike the two-class case, the maximization should be
done among several competing classes.

Suppose that now there are n classes. The intra-class matrix is calculated sim-
ilar to Eq. (1):

�̂w = S1 + · · · + Sn =
n∑

i=1

∑

x∈ci

(x − x̄i )(x − x̄i )
′.

The inter-class scatter matrix slightly differs in computation and is given by

�̂b =
n∑

i=1

mi (x̄i − x̄)(x̄i − x̄)′

where mi is the number of training samples for each class, x̄i is the mean for each
class and x̄ is total mean vector given by x̄ = 1

m

∑n
i=1 mi x̄i . After obtaining �̂b

and �̂w, the linear transformation � we want should still maximize Eq. (3). It can
be shown that the transformation � can be obtained by solving the generalized
eigenvalue problem:

�̂b� = λ�̂w� (4)

It is easy to prove that the upper bounds of the rank of �̂w and �̂b are respec-
tively m − n and n − 1. Multiple discriminant analysis provides an elegant way
for classification using discriminant features.

3.3 Classification

Once the transformation � is given, the classification is then performed in the
transformed space based on some distance metric, such as Euclidean distance

d(x, y) =
√∑

i (xi − yi )2 and cosine measure d(x, y) = 1 −
∑

i xi yi√∑
i x2

i

√∑
i y2

i

. Then

upon the arrival of the new instance z, it is classified to

argmin
k

d(z�, x̄k�),

where x̄k is the centroid of k-th class.
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4 Discussions on LDA

4.1 Fisher criterion and its non-optimality

Although practical evidences have been shown that discriminant analysis is ef-
fective (and also will be demonstrated in our experimental study in Sect. 5), it
should be pointed out that a significant separation does not necessarily imply a
good classification. Multi-class discriminant analysis is concerned with the search
for a linear transformation that reduces the dimension of a given p-dimensional
statistical model, consisting of n classes, to n − 1 dimensions while preserving
a maximum amount of discriminant information in the lower-dimensional model.
It is in general too complicated to use the Bayes error directly as a criterion and
Fisher’s criterion is just a suboptimal criterion and easy to optimize. The solu-
tion of optimizing Fisher’s criterion is obtained by an eigenvalue decomposition
of �̂−1

w �̂b and taking the rows of the transformation matrix to equal to the n − 1
eigenvectors corresponding the n − 1 largest eigenvalues. It has been shown that,
however, for multi-class problem, the fisher’s criterion is actually maximizing the
mean squared distance between the classes in the lower-dimensional space and
is clearly different from minimizing classification error [35]. In maximizing the
squared distances, pairs of classes, between which there are large distances, com-
pletely dominate the eigenvalue decomposition. The resulting transformation pre-
serves the distances of already well separated classes. As a consequence, there is
a large overlap among the remaining classes, leading to an overall low and subop-
timal classification rate.

4.2 When the inner scatter is singular

There are at most n − 1 nonzero generalized eigenvector of �̂−1
w �̂b, and so an up-

per bound of dimensions d in the transformed space is n−1. At least p+n samples
are required to guarantee that �̂w does not become singular. In practice, especially
in text categorization and pattern recognition, where the number of samples m is
small and/or the dimensionality p is large, �̂w is usually singular. To deal with
the singularity of �̂w, several methods have been proposed:

– Regularization. In regularization method [38, 61], the matrix �̂w is regularized
by biasing the diagonal components by

�̂′
w = �̂w + δ I

where δ is a relatively small parameter such that �̂′
w is positive definite. In

practice, δ can be chosen as the average of the diagonal elements of �̂w mul-
tiplied by a small constant k.

– Subspace. The subspace method uses a non-singular intermediate space of �̂w

obtained by removing the null space of �̂w to compute the transformation. In
other words, the subspace method usually employs the eigen-analysis for di-
mension reduction and projects the original samples onto a lower-dimensional
space to make the resulting intra-class scatter matrix full-rank. Typical
subspace methods are presented in [36, 53, 57].
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– Null space method. Instead of discarding the null space of �̂w, null space
method actually makes use of the null space [8, 28]. The removal of the null
space of �̂w may potentially lose useful information since some discriminant
dimensions are potentially lost by removing the null space of �̂w. In fact,
the null space of �̂w contains considerable discriminant information when the
projection of �̂b is not zero along that direction. In null space method, all
the samples are first projected onto the null space of �̂w, where the intra-
class scatter is zero and then use the traditional method to find the optimal
discriminant vectors. Some methods also have been proposed to first remove
the null space of �̂w + �̂b method since those vectors in the null space of
�̂w + �̂b contains no useful information.

4.3 Computational complexity

The computational complexity of training time consists of evaluating the inner and
between covariance matrices, eigenvalue decomposition, and selecting discrimi-
nating features. The computational complexity of evaluating the covariance ma-
trices is mp2. If we use SVD to decompose the matrices, we can directly use the
feature vectors and avoid the multiplications in evaluating covariance matrices.
The computational complexity of eigenvector decomposition is mp min(m, p),
where m and p are the number of rows and the number of columns of the given
matrix. In our case, m and p are the number of instances and the number of fea-
tures respectively. The time of selecting discriminating features is almost linear to
p. Therefore, the total time is about O(mp min(m, p)). Since we only need the
largest n − 1 eigenvalues and corresponding eigenvectors, the complexity could
be even lower if the feature vectors are sparse.

5 Experiments on benchmark datasets

5.1 Data description

We used a wide range of data sets in our experiments as summarized in Table 1.
The number of classes ranges from 3 to 100, the number of samples ranges from
72 to 581,012 and the number of attributes ranges from 8 to 12,558. In addition,
theses data sets represent applications from different domains such as image pro-
cessing, gene expression data and pattern recognition. We anticipated that these
data sets provide us enough insights on the behavior of LDA.

Acute lymphoblastic leukemia–acute myeloblastic leukemia (ALL-AML)
dataset contains measurements corresponding to ALL (B-cell and T-cell) and
AML samples from Bone Marrow and Peripheral Bloodies Blood.1 It was first
studied in [22] for binary class classification. ALL (acute lymphoblastic leukemia)
dataset is used to classify subtypes of pediatric acute lymphoblastic leukemia and
the data has been divided into six diagnostic groups.2 DNA dataset is used to rec-
ognize, given a sequence of DNA, the boundaries between exons (the parts of

1 http://www-genome.wi.mit.edu.
2 http://www.stjuderesearch.org/data/ALL1/.
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Table 1 The description of datasets

Datasets No. of trainings No. of tests No. of attributes No. of classes

ALL-AML 72 – 7129 3
DNA 2000 1186 180 3
Iris 150 – 4 3
Waveform 300 5000 21 3
Wine 178 – 13 3
Car 1728 – 6 4
Vehicle 846 – 18 4
Heart (Hungarian) 294 – 76 5
Page-blocks 5473 – 10 5
Dermatology 366 – 34 6
ALL 215 112 12,558 6
Satimage 4435 2000 36 6
Glass 214 – 9 7
Shuttle 3866 1934 9 7
Segmentation 2310 – 19 7
Zoo 101 – 18 7
Covertype 581,012 – 54 8
Ecoli 336 – 8 8
Optdigits 3823 1797 64 10
Pendigits 7494 3498 16 10
Yeast 1484 – 8 10
Vowel 528 462 10 11
Water Treatment 527 – 38 13
Soybean 307 376 35 19
Audiology 226 – 69 24
Isolet 6238 1559 617 26
Letter 16,000 4000 16 26
Coil-100 800 6400 160 100

the DNA sequence retained after splicing) and introns (the parts of the DNA se-
quence that are spliced out).3 Coil-100 dataset consists of color images of 100
objects where the images of objects that were taken at a pose interval of 5◦, i.e.,
72 poses per object.4 All the other datasets are from UCI repository [4].

When available, we used the original partition of the datasets into training and
test sets. For the other datasets, if not specified, we used 10-fold cross validation
method to evaluate results.

We implemented regularization, subspace and null space methods to deal with
the singularity of inner scatter matrix. For regularization method, we set δ equal
to 2 times the average of the diagonal components of the inner scatter matrix [31].
When the inner matrix is singular, the results reported to be the best one obtained
by the three methods.

5.2 Data preprocessing

There are four types of data values, continuous, binary, ordered, and categorical.
Discriminant analysis algorithms are originally designed for continuous valued

3 http://www.niaad.liacc.up.pt/statlog/datasets.html.
4 ftp://ftp.cs.columbia.edu/pub/CAVE/SLAM coil-20 coil-100/coil-100/coil-100.zip.
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data sets. However, with simple preprocessing, it can be used on any type of data
sets too. Values of a binary valued attribute can be translated into 0 and 1. Values
of an ordered valued attribute can be translated into natural numbers according to
their order.

A categorical valued attribute can be replaced with the same number of binary
attributes as its cardinality, each of which represents whether a value belongs to
the corresponding category of the original attribute. For example, suppose that an
attribute takes values from set {A, B, C}. It is replaced with three binary attributes,
named A, B, and C . Attribute A takes value 1 if the original attribute takes value
A and 0 otherwise. This translation scheme was used in our experiments on Audi-
ology dataset. It is possible to use a conversion with one dimension less than this
conversion. We prefer this conversion because this conversion is symmetrical to
all categorical values, and it is not as efficient to represent all categorical values in
linear transformations without the additional dimension as in logic combination.

Many datasets contain missing values, such Dermatology and Water datasets.
Discriminant analysis can be easily extended to handle such datasets. For our ex-
periments, in the training phase, a missing value was imputed with the mean of
the existent attribute values in the same class. In predicting phase, the attributes
with missing values were ignored. In other words, an attribute with missing value
was imputed with the attribute mean value of each class when comparing with the
class.

5.3 Results analysis

In this section, we present and discuss our experimental results. All of our ex-
periments were performed on a P4 2 GHz machine with 512 M memory running
Linux 2.4.9–31.

Whenever possible, we compared our experimental results with those pre-
sented in [1] since most of them were regarded to be state-of-the-art. If we can
not find corresponding results from [1], we compared our results with the docu-
mented usage or other reported results. Finally, if both means are not available,
we then compared the results on LDA with those obtained using our available
implementations of classification methods.

For Dermatology, Satimage, Glass, Ecoli, Pendigits, Yeast, Vowel and Soy-
bean datasets, we compared our experimental results with those presented in [1]
using the support vector machine algorithm as the base binary learner. There are
two decoding schemes used: Hamming decoding and loss-based decoding. The
authors pointed out, and it actually demonstrated by their experiments, that loss-
based decoding is almost always better than Hamming coding. So our comparison
was against the results of loss-based decoding. For loss-based decoding, the pa-
per gave the results of five different types of output codes: one-versus-the-rest,
pairwise comparison, complete code (in which there is one column for every pos-
sible non-trivial split of the classes) and two types of random codes (dense code
and sparse code). Although one-versus-the-rest is generally not as good as other
four codes, it is the most widely used method. For all other four codes, there is
no clear winners. However, because complete and pairwise comparison codes are
not suitable for large datasets and in fact, the paper did not provide the results on
these two codes for some datasets. Hence, for presentation purpose, we include
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only the results of sparse code and one-versus-the-rest for comparison. For more
details on these codes, refer to [1]. For Isolet, Letter, Audiology and Segmenta-
tion, [1] did not have the results using SVM as binary classifier since their SVM
implementation could not handle those datasets. However, they gave the results on
these datasets using AdaBoost as base binary learner. We compared our results on
these datasets with those using AdaBoost and loss-based decoding.

For Iris, Waveform, Wine, Car and Heart datasets, Dzeroski and Zenko [14]
evaluated several state-of-the-art methods for constructing ensembles of classi-
fiers with stacking. Stacking with Multi-response Model Tree (SMM5) achieved
the best performance in their reported experiments. Therefore, we referred their
results with SMM5 for comparison.

For Vehicle and Shuttle datasets, we compared our results with those recorded
results in [51]. For Covertype and Optdigits datasets, we compared our results
with those documented results in [4]. For DNA, we compared our results with that
from [41]. For Coil-100 dataset, we used the same experiment strategy as [47]. In
this paper, we only present the result of an experiment using 1/9 of all the images
for training, the rest for testing. For ALL-AML, Page-blocks, All, Zoo and water
datasets, we compared the results on LDA with those obtained using our available
implementations of SVM methods with one-against-all reductions. The detailed
results are presented in Table 2.

The results of LDA on DNA, Iris, Wine, Dermatology, Ecoli, Audiology and
Coil-100, outperform their counterparts. For Car, Heart, Segmentation, Covertype,
Pendigits and Letter, LDA results are inferior to their counterparts. The main rea-
son is that the number of attributes of these datasets is relatively low with respect
to the size of large training sets. One possible solution is to increase dimensional-
ity of datasets, such as using kernel functions. We will discuss some related issues
in Sect. 7. Other results are generally comparable.

Discriminant analysis is very efficient and most experiments only took less
than a second. Table 3 gave the running time for experiments on the large
datasets. In summary, the extensive experimental results on benchmark datasets
have clearly demonstrated the efficiency and effectiveness of LDA.

6 LDA in text categorization

Automated text categorization is a multi-class classification problem, defined as
assigning pre-defined category labels to new documents based on the likelihood
suggested by the training set of labeled documents. Naive Bayes has been a very
successful practical learning method in text categorization despite its impracti-
cal and simplified conditional independence assumptions [40]. Fisher linear dis-
criminant analysis can be derived by starting with the theoretically optimal Bayes
classifiers and assuming normal distribution for classes [26]. This suggests the
applicability of LDA in text categorization.

Little work on discriminant analysis has been reported in the document anal-
ysis domain. One reason is the extremely high dimensions of the document
representation. Usually, a document collection would have thousands of terms.
The intra-class covariance matrix is thus usually singular. In addition, the large
document-term matrices incur considerable computation cost (eigen-analysis, in-
verse computation, etc.) and hence restrict the usage of discriminant. Fortunately,
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Table 2 Accuracy comparison tablea

Datasets Past usage Past results LDA

ALL-AML – 0.944 0.914
DNA Noordewier et al. [41] 0.937 0.947
Iris Dzeroski and Zenko [14] 0.948 0.980
Waveform Dzeroski and Zenko [14] 0.8652 0.858
Wine Dzeroski and Zenko [14] 0.9798 0.994
Car Dzeroski and Zenko [14] 0.9868 0.81
Vehicle SGI [51] 0.85/0.448 0.785
Heart Dzeroski and Zenko [14] 0.8415 0.521
Page-blocks – 0.930 0.931
Dermatology Allwein et al. [1] 0.969/0.967 0.970
ALL – 0.941 0.970
Satimage Allwein et al. [1] 0.867/0.591 0.828
Glass Allwein et al. [1] 0.676/0.624 0.593
Shuttle SGI [51] 0.9999/0.9328 0.946
Segmentation Allwein et al. [1] 0.993/1.00 0.916
Zoo – 0.970 0.930
Covertype Black and Merz [4] 0.70 0.581
Ecoli Allwein et al. [1] 0.852/0.849 0.827
Optdigits Black and Merz [4] 0.9755/0.98 0.938
Pendigits Allwein et al. [1] 0.973/0.975 0.829
Yeast Allwein et al. [1] 0.528/0.271 0.517
Vowel Allwein et al. [1] 0.530/0.491 0.447
Water – 0.970 0.970
Soybean Allwein et al. [1] 0.910/0.790 0.89
Audiology Allwein et al. [1] 0.669/0.808 0.818
Isolet Allwein et al. [1] 0.902/0.947 0.941
Letter Allwein et al. [1] 0.734/0.854 0.681
Coil-100 Roth et al. [47] 0.8923 0.963

Note. aResults in the form of nnn/mmm are two typical results from past usages. Results from [1] are
sparse code/one-versus-the-rest accuracies. Results from [51] are the highest/the lowest accuracies. For
Covertype, the result of 0.70 from [4] is obtained using neural network. For Optdigits, 0.9755/0.98 is
the lowest/the highest accuracies

Table 3 Running time tablea

Datasets Training Prediction

ALL 26 1
Satimage 1 1
Covertype 85 10
Isolet 157 22
Letter 1 1
Pendigits 1 1
Yeast 1 1
DNA 3 1
Waveform 1 1
Segmentation 1 1
Optdigits 1 1
ALL-AML 12 1
Page-blocks 1 1
Coil-100 2 19

aEach number is training/prediction time in seconds (rounded up to 1 s). Several numbers are actually
less than 1 s
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a simple remedy exists: Feature Selection. It has been shown that feature selection
via information gain can remove up to 90% or more of the unique terms without
significant performance degrade [59]. With the feature selection, we then could
explore the use of LDA in text categorization.

6.1 Text data description

We used a wide range of text datasets in our experiments. Most of them are well-
known in information retrieval literature. The number of classes ranges from 4 to
105 and the number of documents ranges from 476 to 20,000.

20Newsgroups The 20Newsgroups (20NG) dataset contains about 20,000 ar-
ticles evenly divided among 20 Usenet newsgroups. The raw text takes up 26 MB.
All words were stemmed using a porter stemmer, all HTML tags were skipped
and all header fields except subject and organization of the posted article were
ignored.

WebKB The WebKB dataset5 contains webpages gathered from university
computer science departments. There are about 8300 documents and they are di-
vided into seven categories: student, faculty, staff, course, project, department and
other. The raw text is about 27MB. Among these seven categories, student, faculty,
course and project are four most populous entity-representing categories. The as-
sociated subset is typically called WebKB4. In this paper, we did experiments on
both seven-category classification and four-category classification. In either case,
we did not use stemming or a stoplist.

Industry Sector The Industry Sector dataset, based on data made available
by Market Guide Inc. consists of company homepages classified in a hierarchy of
industry sectors.6 In our experiments, we did not take the hierarchy into account
and used a flattened version of the dataset. There are 9637 documents in the dataset
divided into 105 classes. In tokenizing the data, we skipped all MIME and HTML
headers, used a standard stoplist and did not perform stemming.

Reuters The Reuters-21578 Text Categorization Test collection contains doc-
uments collected from the Reuters newswire in 1987. It is a standard text catego-
rization benchmark and contains 135 categories. In our experiments, we used two
subsets of the data collection. The first one include the 10 most frequent categories
among the 135 topics and we call it Reuters-top10. the second one contains the
documents which have unique topic, i.e, the documents that have multiple class
assignments were ignored, and we call it Reuters-2. There are about 9000 docu-
ments and 50 categories.

TDT2 We also used the NIST Topic Detection and Tracking (TDT2) text
corpus version 3.2 released in December 6, 1999 [54]. The TDT2 corpus con-
tains news data collected daily from nine news sources in two languages (Amer-
ican English and Mandarin Chinese), over a period of six months (January–June,
1998). In our experiment, we used only the English news which were collected
from New York Times Newswire Service, Associated Press Worldstream Service,
Cable News Network, Voice of America, American Broadcasting Company and

5 Both 20Newsgroups and WebKB are available from http://www-2.cs.cmu.edu/afs/cs/
project/theo-4/text-learning/www/datasets.html.

6 http://www.cs.cmu.edu/ TextLearning/datasets.html.
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Table 4 The description of text datasets

Datasets No. of documents No. of classes

20Newsgroups 20,000 20
WebKB4 4199 4
WebKB 8280 7
Industry sector 9637 105
Reuters-top 10 2900 10
Reuters-2 9000 50
CSTR 476 4
K-dataset 2340 20
TDT2 7980 96

Public Radio International. The documents were judged relevant to any of 96 tar-
get topics by manual annotation. We selected the documents having annotated
topics and removed the brief news data. We finally got 7980 documents.

K-dataset The K-dataset was from WebACE project [24] and it was used
in [5] for document clustering. The K-dataset contains 2340 documents consist-
ing news articles from Reuters new service via the Web in October 1997. These
documents were divided into 20 classes. The documents were processed by elim-
inating stop words and HTML tags, stemming the remaining words using Porter’s
suffix-stripping algorithm.

CSTR CSTR dataset is the collection of abstracts of technical reports pub-
lished by the computer science department at university of Rochester from year
1991 to 2002.7 The dataset contains 476 abstracts that are divided into four differ-
ent research areas: Symbolic-AI, Spatial-AI, Systems, and Theory. We processed
the abstracts by removing stop words and applying stemming operations on the
remaining words.

The text datasets and their characteristics are summarized in Table 4.

6.2 Text data preprocessing

In all our experiments, we randomly chose 70% of the documents for training
and the remaining 30% for testing. As suggested in [59], information gain can be
effective in term removal and it can remove up to 90% or more of the unique terms
without performance degrade. Hence, we first selected the top 1000 words by
information gain with class labels.8 The feature selection is done with the rainbow
package [37].

In our experiments we used classification accuracy as the evaluation measure.
Different measures such as precision-recall graphs and F1 measure [58] have been
used in literature. However, since the document datasets used in the experiments
are relatively balanced and our goal of text categorization is to achieve a low
misclassification error and high separation between different classes on a test set,
accuracy is a good performance for our purposes [49]. All of our experiments were
performed on a P4 2 GHz machine with 512 M memory running Linux 2.4.9-31.

7 The technical reports are available from http://www.cs.rochester.edu/trs.
8 One of our future work would be to explore how the performance correlates with different

feature selection methods and the number of words selected.
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Table 5 Performance comparison table on text datasetsa

Data sets LDA NB SVM

20Newsgroups 93.90 85.60 91.07
WebKB4 90.72 85.13 92.04
WebKB 77.35 61.01 78.89
Industry sector 66.49 56.32 65.96
Reuters-top10 71.46 81.65 81.13
Reuters-2 88.65 87.88 92.43
CSTR 78.21 90.85 88.71
K-dataset 77.69 86.14 91.90
TDT2 88.41 91.59 93.85

aNB stands for Naive Bayes, LDA for Linear Discriminant Analysis, SVM for Support Vector Machine

Table 6 Time table on text datasetsa

Data sets LDA training LDA prediction SVM training SVM prediction

20Newsgroups 172 7 270 64
WebKB4 63 1 115 55
WebKB 95 1 1108 103
Industry sector 88 6 424 80
Reuters-top 10 61 1 94 19
Reuters-2 96 1 567 85
CSTR 4 1 8 3
K-dataset 63 1 85 48
TDT2 22 5 90 27

aEach number is training/prediction time in seconds

6.3 Experimental results on text datasets

We compared LDA with Naive Bayes and Support Vector Machine on the exactly
same datasets with the same training and test settings. SVMTorch [9]9 is used for
experiments involving SVMs. SVMTorch handles multi-class classification using
one-versus-the-rest decomposition. The Naive Bayes classifier is built on the Bow
(A Toolkit for Statistical Language Modeling, Text Retrieval, Classification and
Clustering) University.10 For SVM, we used the linear kernel.

Table 5 and Fig. 1 give performance (accuracy) comparisons on nine text
datasets. SVM achieves the highest performance on WebKB4, WebKB, Reuters-2,
K-dataset and TDT2. LDA achieves the best performance on 20Newsgroups and
Industry Sector while NB has the highest performance on On Reuters-top 10 and
CSTR. On 20Newsgroups, the performance of LDA is 93.90%, which is about
8% higher than that of Naive Bayes and 2% higher than SVM. The results of LDA
and SVM are quite close to each other on WebKB4, WebKB, Industry Sector,
Reuters-2 and TDT2. On Reuters-top 10 and K-dataset, LDA is beaten by Naive
Bayes and SVM by about 10%. The comparisons show that, although there is no

9 http://old-www.idiap.ch/learning/SVMTorch.html.
10 The tool can be downloaded at http://www-2.cs.cmu.edu/ mccallum/bow/.
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20Newsgroups WebKB4 WebKB IndustrySector Reuters-top10 Reuters-2 CSTR K-dataset TDT2
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Fig. 1 Performance comparison on text datasets

single winner on all the datasets, LDA is a viable and competitive algorithm in
text categorization domain.

LDA is very efficient and most experiments are done in several seconds.
Table 6 and Fig. 2 summarize the running time of all the experiments of LDA
and SVM. The time saving of LDA is obvious.

7 Conclusions and future work

In this paper, we investigate the use discriminant analysis for multi-class classi-
fication. Our experiments have shown that LDA is a simple efficient yet accurate
approach for multi-class classification problems. The precision of LDA approach
is comparable to other approaches such as SVM, however, the time consumption
of LDA approach is much less than other approaches.

There are several avenues for future research directions. First, as demonstrated
in the experiments, LDA performed poorly on several datasets, such as Letter,
owing to the low dimensionality of the datasets. One possible solution to increase
the dimensionality is introducing kernel functions.

Second, recently people have used Generalized Singular Value Decomposition
(GSVD) [34] to solve generalized eigenvalue problems. A Generalized Singular
Value Decomposition (GSVD) is an SVD of a sequence of matrices and it brings
several favorable computation properties such as stability for computation [2].
One promising direction is to explore the use of GSVD to improve the perfor-
mance of LDA.

Third, LDA can be seen as an efficient dimension reduction method since it
transforms the original data into a low dimensional space determined by the n − 1
different eigenvectors where n is the number of different classes. Understanding
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20Newsgroups WebKB4 WebKB IndustrySector Reuters-top10 Reuters-2 CSTR K-dataset TDT2
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Fig. 2 Time comparison on text datasets

the interpretations of the LDA basis vectors could potentially lead to efficient
dimension reduction. For example, it would be very interesting to study what are
the original genes that the discriminating features correspond to in ALL-AML
and ALL datasets.

Fourth, as we mentioned in Sect. 6, it would be interesting to explore how the
performance correlates with different feature selection methods and the number
of words selected when applying LDA for text categorization.

Finally, there are also some other possible extensions such as using ran-
dom projection to reduce the dimensionality before applying discriminant anal-
ysis [42].

Acknowledgements The work is partially supported by a 2005 IBM Faculty Award, a 2005
IBM Shared University Research (SUR) Award, and the National Science Foundation CAREER
Award under grant no. NSF IIS-0546280. The authors would like to thank the anonymous re-
viewers for their valuable comments.

References

1. Allwein EL, et al (2000) Reducing multiclass to binary: a unifying approach for margin
classifiers. JMLR 1:113–141

2. Bai Z (1992) The CSD, GSVD, their applications and computations. Tech. Rep. IMA
Preprint Series 958, Minneapolis, MN

3. Barber D, Williams CKI (1997) Gaussian processes for bayesian classification via hybrid
Monte Carlo. In: Mozer MC, Jordan MI, Petsche T (eds) Advances in neural information
processing systems, vol.9. The MIT Press, p 340

4. Blake C, Merz C (1998) UCI repository of machine learning databasesIrvine, Depart-
ment of Information and Computer Science, University of California, CA, COLT 2000
[http://www.ics.uci.edu/xmlearn/MLRepository.html]



470 T. Li et al.

5. Boley D, et al (1999) Document categorization and query generation on the world wide web
using WebACE. AI Rev 13(5–6):365–391

6. Bottou L, et al (1994) Comparison of classifier methods: a case study in handwriting digit
recognition. In: International Conference on Pattern Recognition, pp 77–87

7. Breiman L, et al (1993) Classification and regression trees. Chapman and Hall, New York
8. Chen L, et al (2000) A new LDA-based face recognition system which can solve the small

sample size problem. Pattern Recogn 33(10):1713–1726
9. Collobert R, Bengio S (2001) SVMTorch: support vector machines for large-scale regres-

sion problems. J Machine Learn Res 1:143–160
10. Crammer K, Singer Y (2000) On the learnability and design of output codes for multiclass

problems. Comput Learn Theory, COLT 2000, pp 35–46
11. Crammer K, Singer Y (2001) Ultraconservative online algorithm for multiclass problems.

In: Proceedings of COLT 2001, pp 99–115
12. Dietterich TG, Bakiri G (1995) Solving multiclass learning problems via error-correcting

output codes. J Artif Intell Res 2:263–286
13. Duda RO, et al (2001) Pattern classification. Wiley, Inc.
14. Dzeroski S, Zenko B (2002) Stacking with multi-response model trees. In: Proceedings of

The third international workshop on multiple classifier systems, MCS, Springer-Verlag, pp
201–211

15. Fisher R (1936) The use of multiple measurements in taxonomic problems. Annal Eugen
(7):179–188

16. Friedman J (1996) Another approach to polychotomous classification. Technical report,
Department of Statistics, Stanford

17. Fukunaga K (1990) Introduction to statistical pattern recognition. Academic
18. Gallinari P, et al (1991) On the relations between discriminant analysis and multilayer per-

ceptrons. Neural Networks 4(3):349–360
19. Ghani R (2001) Combining labeled and unlabeled data for text classification with a large

number of categories. In: Proceedings of ICDM-01, pp 597–598
20. Gibbs MN, MacKay DJC (2000) Variational gaussian process classifiers. IEEE Trans Neu-

ral Networks 11(6):1458
21. Godbole S, et al (2002) Scaling multi-class support vector machine using inter-class confu-

sion. In: Proceedings of KDD-02, pp 513–518
22. Golub TR, et al (1999) Molecular classification of cancer: class discovery and class predic-

tion by gene expression monitoring. Science 286:531–536
23. Guruswami V, Sahai A (1999) Multiclass learning, boosting, and error-correcting codes. In:

Proceedings of the 12th annual conference on Computational learning theory, ACM Press,
pp 145–155

24. Han E-H, et al (1998) WebACE: A Web agent for document categorization and exploration.
In: Sycara KP, Wooldridge M (eds) Proceedings of the 2nd International Conference on
Autonomous Agents. ACM Press, New York, pp 408–415

25. Hastie T, Tibshirani R (1998) Classification by pairwise coupling. In: Jordan MI, Kearns
MJ, Solla SA (eds) Advances in neural information processing systems, vol 10, The MIT
Press

26. Hastie T, et al (2001) The elemetns of statistical learning: data mining, inference, prediction.
Springer

27. Hsu C-W, Lin C-J (2002) A comparison of methods for multi-class support vector machines.
IEEE Trans Neural Networks (13):415–425

28. Huang R, et al (2002) Solving the small size problem of LDA. In: 16th international con-
ference on pattern recognition (ICPR 2002), vol 3

29. Joachims T (2001) A statistical learning model of text classification with support vector
machines. In: Proceedings of the conference on research and development in information
retrieval (SIGIR), ACM

30. Johnson RA, Wichern DW (1988) Applied multivariate statistical analysis. Prentice Hall
31. Kawatani T (2002) Topic difference factor extraction between two document sets of its

application to text categorization.In: Proceedings of the 25th annual international ACM
SIGIR conference on research and development in information retrieval, Tampere, Finland.
ACM, pp 137–144

32. Kreeel UH-G (1999) Pairwise classification and support vector machines. In: Advances in
Kernel mathods, MIT Press



Using discriminant analysis for multi-class classification 471

33. Lee Y, et al (2001) Multicategory support vector machines. In: Proceedings of the 33rd
symposium on the interface

34. Loan CV (1976) Generalizing the singular value decomposition. SIAM J Num Anal 13:76–
83

35. Loog M, et al (2001) Multiclass linear dimension reduction by weighted pairwise fisher
criteria. IEEE Trans Pattern Anal Machine Intell 23(7):762–766

36. Martinez AM, Kak AC (2001) PCA versus LDA. IEEE Trans Pattern Anal Machine Intell
23(2):228–233

37. McCallum AK (1996) Bow: A toolkit for statistical language modeling, text retrieval, clas-
sification and clustering. http://www.cs.cmu.edu/ mccallum/bow

38. McLachlan GJ (1992) Discriminant analysis and statistical pattern recognition. Wiley
39. Mika S, et al (1999) Fisher Discriminant Analysis with Kernels. In: Hu Y-H, Larsen J,

Wilson E, Douglas S (eds) Neural networks for signal processing IX, IEEE, pp 41–48
40. Mitchell TM (1997) Machine learning. The McGraw-Hill Companies, Inc.
41. Noordewier MO, et al (1991) Training knowledge-based neural networks to recognize

genes. In: Lippman RP, Moody JE, Touretzky DS (eds) Advances in neural information
processing systems, vol 3. Morgan Kauffmann, Publishers, Inc., pp 530–536

42. Papadimitriou CH, et al (1998) Latent semantic indexing: a probabilistic analysis. In: Pro-
ceedings of the 17th ACM symposium on the principles of database systems, ACM Press,
pp 159–168

43. Park H, et al (2001) Dimension reduction for text data representation based on cluster struc-
ture preserving projection. Tech. Rep. 01-013, Department of Computer Science, University
of Minnesota

44. Platt J, et al (2000) Large Margin DAGs for Multiclass Classification. In: Solla S, Leen T,
Muller K-R (eds) Advances in neural information processing systems, vol 12, MIT Press

45. Quinlan J (1993) C4.5: Programs for machine learning, Morgan Kaufmann
46. Rennie JDM (2001) Improving Multi-class Text Classification with Naive Bayes. Master’s

thesis, Massachusetts Institute of Technology
47. Roth D, et al (2000) Learning to Recognize Objects. In: Computer vision and pattern recog-

nition (CVPR), pp 724–731
48. Roth V (2001) Probabilistic discriminative Kernel classifiers for multi-class problems. Lec-

ture Notes in Computer Sci 2191:246–253
49. Schapire RE, Singer Y (2000) BoosTexter: A boosting-based system for text categorization.

Machine Learn 39(2–3):135–168
50. Schölkopf B, Smola AJ (2002) Learning with Kernels. MIT Press, Cambridge, MA
51. SGI (2000) MLC++: Datasets from UCI.
52. Shashua A (1999) On the equivalence between the support vector machine for classification

and sparsified Fisher’s linear discriminant. Neural Process Lett 9(2):129–139
53. Swets DL, Weng J (1996) Using discriminant eigenfeatures for image retrieval. IEEE Trans

Pattern Anal Machine Intell 18(8):831–836
54. TDT2 (1998) Nist Topic detection and tracking corpus. http://www.nist.gove/speech/tests/

tdt/tdt98/index.htm
55. Vapnik VN (1998) Statistical learning theory. Wiley, New York
56. Weston J, Watkins C (1998) Multi-class support vector machines. Tech. rep., Department

of Computer Science, University of London, London
57. Yang C-H, et al (2000) Efficient routability check algorithms for segmented channel routing.

ACM Trans Des Autom Electron Syst 5(3):735–747
58. Yang Y, Liu X (1999) A re-examination of text categorization methods. In: the 22th Ann Int

ACM SIGIR conference on research and development in information retrieval (SIGIR’99),
pp 42-49

59. Yang Y, Pederson JO (1997) A Comparative study on Feature selection in text catego-
rization. In: Proceedings of the fourteenth international conference on machine learning
(ICML), pp 412–420

60. Zadrozny B (2001) Reducing multiclass to binary by coupling probability estimates. In:
NIPS, pp 1041–1048

61. Zhao W, et al (1999) Subspace linear discriminant analysis for face recognition. Tech. Rep.
CAR-TR-914., University of Maryland, College Park



472 T. Li et al.

Author Biographies

Tao Li is currently an assistant professor in the School of
Computer Science at Florida International University. He re-
ceived his Ph.D. degree in Computer Science from University
of Rochester in 2004. His primary research interests are: data
mining, machine learning, bioinformatics, and music infor-
mation retrieval.

Shenghuo Zhu is currently a researcher in NEC Laboratories
America, Inc. He received his B.E. from Zhejiang University
in 1994, B.E. from Tsinghua University in 1997, and Ph.D
degree in Computer Science from University of Rochester in
2003. His primary research interests include information re-
trieval, machine learning, and data mining.

Mitsunori Ogihara received a Ph.D. in Information Sci-
ences at Tokyo Institute of Technology in 1993. He is cur-
rently Professor and Chair of the Department of Computer
Science at the University of Rochester. His primary research
interests are data mining, computational complexity, and
molecular computation.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


