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Abstract. We investigate the implementation of multi-label classifica-
tion algorithms with a reject option, as a mean to reduce the time re-
quired to human annotators and to attain a higher classification accuracy
on automatically classified samples than the one which can be obtained
without a reject option. Based on a recently proposed model of man-
ual annotation time, we identify two approaches to implement a reject
option, related to the two main manual annotation methods: browsing
and tagging. In this paper we focus on the approach suitable to tagging,
which consists in withholding either all or none of the category assign-
ments of a given sample. We develop classification reliability measures
to decide whether rejecting or not a sample, aimed at maximising classi-
fication accuracy on non-rejected ones. We finally evaluate the trade-off
between classification accuracy and rejection rate that can be attained by
our method, on three benchmark data sets related to text categorisation
and image annotation tasks.
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1 Introduction

In a multi-label classification problem each sample can belong to more than one
class, contrary to traditional, single-label problems. Multi-label problems occur
in several applications related to retrieval tasks [I3], notably text categorisation
[12] and scene categorization [2], and are receiving an increasing interest in the
pattern recognition and machine learning literature. Nevertheless, in many tasks
automatic classification techniques do not achieve a satisfactory performance
yet [14]. As an example in a text categorisation task, the best results obtained
through the automatic “Medical Text Indexer” tool at the U.S. National Library
of Medicine database (MEDLINE), is a recall of about 0.53 and a precision of
about 0.30 [I]. In the recent ImageCLEF 2010 image annotation contest, the
best automatic system attained a mean average precision of 0.45 [9]. Therefore,
manual categorisation remains the only reliable solutions for many practical
applications, although it is a tedious and labour-intensive procedure. This is also
confirmed by the proliferation of manual image annotation tools [I4], and by the
use of “Medical Text Indexer” only as a recommendation tool by MEDLINE’s
human indexers [11].
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Based on the above premises, in this paper we investigate a hybrid manual—-
automatic annotation approach inspired by the reject option used in single-label
classifiers. The reject option consists in withholding the automatic classification
of a sample, if the decision is not considered reliable enough. It is a mean to limit
excessive misclassifications, at the expense either of a manual post-processing of
rejections, or of their automatic handling by a more accurate but also compu-
tationally more costly classifier, and requires therefore a trade-off between the
accuracy attainable on non-rejected samples and the amount (cost) of rejec-
tions [4/10]. Analogously, in multi-label problems a classifier with a reject option
could automatically take decisions on category assignments deemed reliable for a
given sample, and could withheld and leave to a manual annotator only the ones
deemed unreliable. This could allow a classifier to attain a high classification
performance on non-withheld decisions, which should be traded for the cost of
manual annotation of withheld decisions.

However, the theory and implementations of the reject option proposed so far
in the pattern recognition literature have been developed only for single-label
classifiers and only under the framework of the minimum risk theory. They can
not be applied to multi-label classifiers, whose performance measures are based
on precision and recall, and do not take into account the cost of correct/incorrect
decisions. Therefore, in this paper we will first discuss how a reject option can be
implemented in multi-label classifiers, based on the analysis of the cost (time) of
manual labelling given in [T4]. In Sect. 2l we show that this analysis suggests two
possible implementations: rejecting all the category assignments of a sample, or
only a subset of them. The latter option has already been proposed in previ-
ous works by the authors, although it was not not rigorously motivated [6lf7].
Therefore, in this paper we focus on the former option. In Sect. B we discuss
how classification accuracy on non-rejected samples can be measured in terms
of precisions and recall, and in Sect. @ we derive two methods to maximise such
accuracy for a given fraction of rejected samples, namely a given cost of manual
annotation. The trade-off between classification accuracy and the fraction of re-
jected samples is experimentally evaluated in Sect. ] on three benchmark data
sets related to a text categorisation and to an image annotation task.

2 Rejection Criteria for Multi-label Problems

Single-label classification problems with a reject option were formalized under
the framework of the minimum risk theory in [4]. Denoting the costs of correct
classifications, rejections, and misclassifications respectively as Ac, Ag and A\g
(with Ac < Ar < Ag), the expected classification cost is minimized by assign-
ing a sample to the class with the maximum a posteriori probability, if such
probability is higher than (Ag — Ar)/(Ag — A¢), and otherwise in rejecting it.
This framework does not fit multi-label problems, whose performance measures
are given in terms of precision and recall, which are not related to classification
costs (see Sect. B)). To devise an implementation of a reject option in multi-label
problems, one issue to address is how to evaluate the cost of manually handling
withheld category assignments.
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The cost of manual annotation clearly depends on the annotation time. A
model of the annotation time has been proposed in [I4], for two possible anno-
tation procedures: tagging, which consists in labelling a sample according to a
given set of categories (keywords or “tags”), and browsing, in which the relevance
has to be decided for a whole set of samples to one category at a time. According

o [14], the annotation time of tagging and browsing is:

ttagging =M - (K ' tf + ts)7 tbrowsing = Z (Mg . tp + M,rlf . tn) s
k=1...N

where N is the number of categories, M is the number of samples, ¢, is the so
called “initial setup” time to analyse a sample, ¢y is the time to assign one label,
K is the average number of labels per sample, MI]f and M} are respectively the
number of samples which belong and do not belong to the k-th category, while ¢,
and t, are the time for deciding whether or not a sample belongs to a category.
The most efficient procedure among tagging and browsing can be made on the
basis of the values of the above parameters, according to the task at hand [14].

The above model of manual annotation time suggests two main approaches
to implement a reject option in multi-label classifiers, aimed at trading the clas-
sification accuracy on automatically assigned labels for the cost of manually
processing category assignments withheld by a classifier:

1. In tasks where tagging is used, the manual annotation time of withheld
category assignments can be directly controlled by setting a constraint to the
number of samples which contain withheld assignments, which corresponds
to the term M. Accordingly, in this case it make sense to reject either all or
none of the assignments of a sample, rather than only a subset of them.

2. In tasks where browsing is used, the manual annotation time of withheld
category assignments can be controlled by setting a constraint on the num-
ber of samples which contain withheld assignments, independently for each
category, which correspond to M;f and MF. In this case it makes sense to
withheld for each sample only a subset of its category assignments (not nec-
essarily all of them), obviously the most unreliable ones.

In the former approach, the objective is clearly to maximise classification ac-
curacy on non-rejected samples, with a constraint on the maximum fraction of
rejected samples. In the latter approach, the objective is instead to maximise
classification accuracy on non-withheld decisions, with a constraint on the max-
imum fraction of withheld decisions for each individual category. In both cases,
the effectiveness of a reject option has to be evaluated in terms of the attainable
trade-off between the accuracy of the classifier on non-withheld category assign-
ments, and the cost (annotation time) of withheld ones, taking into account the
application requirements of the task at hand.

An implementation of the latter approach has already been investigated by
the authors in [67], although it was not motivated by the above arguments.
Therefore, in this paper we focus on the former implementation.
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3 Accuracy of Multi-label Classifiers with a Reject
Option

In this section we discuss how to evaluate the accuracy of a multi-label classifier
in presence of withheld category assignments. To this aim we first introduce
accuracy measures based on precision and recall.

In the field of information retrieval, precision is the probability that a retrieved
document is relevant to a given query or topic, while recall is the probability
that a relevant document is retrieved. In a multi-label classification problem,
each class corresponds to a distinct topic. Denoting the set of categories as
2 ={w,...,wn}, and the feature vector of a sample as x € X C R", where n
is the size of the feature space X, a multi-label classifier implements a decision
function f : X — {+1,—1}", where the value +1 (—1) in the k-th element of
f(x) means that the sample x is labelled as (not) belonging to wy. Accordingly,
precision for the k-th class, denoted as pg, is the probability that a sample
belongs to wy, given that it is labelled as such: pp = P(x € wy | fr(x) = 1).
Recall (ry) is the probability that a sample is correctly labelled as belonging to
wi: 1y = P(fr(x) = 1| x € wy). Ideally, both precision and recall should equal
1. However, in practice a higher precision can be attained only at the expense of
a lower recall, and vice versa. As limit cases, labelling all samples as belonging
to wy leads to py = 0 and r; = 1, why labelling all samples as not belonging to
wy leads to pr, = 1 and r, = 0.

To obtain a scalar performance measure, the Van Rijsbergen’s F' measure is
often used. For a class wy, it is defined as:

1+ 3
Fgp = , 1
T B 4 1 M
where the parameter 5 € [0, 4+00] weigh the relative importance of precision and
recall: 3 < 1 gives a higher weight to recall, while the opposite happens for
8> 1.
Precision and recall can be estimated from a multi-label data set as:

. TP, . _ TP,
Pk = rp.+FpP,> Tk = TP +FN,> (2)

where T'Pj; (true positive) and F Py (false positive) are respectively the number
of samples correctly and erroneously labelled as belonging to wy, while F N
(false negative) is the number of samples erroneously labelled as not belonging
to wg. The F measure can be estimated by replacing the estimates of precision
and recall of eq. (@) into eq. ().

For a multi-label classifier, the global precision and recall over all categories
can be computed either by macro- or micro-averaging the class-related values,
depending on application requirements [I2]. We will denote macro- and micro-
averaged values respectively with the superscripts ‘M’ and ‘m’. Macro- and
micro-averaged precision and recall are defined as:
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The corresponding F' measure is defined as [15]:

M 1 ~ . 1 2 2 Fpk+52FNk
A=y X Bu=y ¥ 0 ((Hﬂ )+ P ) (5)

SN (FP, + 2FNy) ©
Yopi TP '

fm 1+ 62 2 2
Let us now consider how to extend the above performance measures to a multi-
label classifier with a reject option. A withheld decision for a sample x and a
category wy, can be denoted with the value 0 as the output of fx (k). In single-label
problems the accuracy attained by a classifier with a reject option is evaluated as
the conditional probability that a pattern is correctly classified, given that it has
not been rejected. Analogously, precision and recall for a given category, when a
reject option is used, can be defined only with respect to non-withheld decisions.
It is easy to see that their corresponding probabilistic definition remains the
standard one given at the beginning of this section, which only considers the
case fr(k) = 1, thus excluding withheld assignments (namely, the case when
fr(k) = 0). Consequently, also the F' measure can still be defined as in Eq. ().
The estimate of these measures on a given data set can be obtained using again
Eq. @), but taking into account only non-withheld category assignments in the
computation of TPy, FNj and F Pg. The micro- and macro-averaged values can
be computed in the same way using Eqgs. (@)—(G).

In the rest of this paper we will consider only the F' measure (both macro-
and micro-averaged), as it is widely used in multi-label tasks, is easier to handle
being a scalar measure, and can be used to find a trade-off between precision
and recall [I5].

4 Maximising the F' Measure for a Given Cost of
Rejections

In this section we address the issue of how to define a decision function f(x) =
{fi(x),..., fv(x)} € {~1,0,+1} for a N-category multi-label classifier with a
reject option, with the constraint that either each or none of the fi(x) equals
0, according to the approach discussed in Sect. Bl As explained in Sect. 2 the
goal is to maximise the classification accuracy on non-rejected samples, with the
constraint that up to a given fraction of samples can be rejected. We will denote
such fraction as rmyax.

To decide whether a given sample x has to be rejected or not, by analogy
with approaches widely used in single-label problems we would like to define a
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measure of “classification reliability” R(x) and a rejection threshold T, such that
a sample x is rejected if R(x) < T, and is automatically classified otherwise. The
value of T has to be set according to the desired rejection rate ry.x, usually from
validation data. To define a classification reliability measure, one could estimate
the effect of rejecting a sample on the F' measure: intuitively, the higher is the
F measure obtained after rejecting a given sample x belonging to any set of
samples S, the less reliable is its automatic classification. Formally, the sample
x* € S which is classified with the lowest reliability is given by:

X" = argmax Fy(S — {x}) , (7)

where Fj(A) denotes the value of the F measure (either macro- or micro-
averaged) evaluated on the set of samples A. Accordingly, R(x) could be defined
as a monotonic decreasing function of (an estimate of) Fj3(S — {x}): the higher
Fj3(S — {x}), the less reliable the classification of x.

Consider first the micro-averaged F' measure of Eq. (@). Maximising F g‘(S —
{x}) amounts to maximise the term

TP(S) — TP(x) -
(FP(S) + B2FN(S)) — (FP(x) + BFN(x)) ’

where FP(Z) denotes the number of false positive errors made by the classifier
on the set of samples Z, while the meaning of TP(Z) and F'N(Z) is similar. Un-
fortunately, while in single-label problems the contribution of the classification
outcome (either correct or wrong) of a given sample to the expected risk does
not depend on the outcome of the other samples, it turns out that this does not
hold for multi-label problems when classification performance is evaluated using
the F' measure. Indeed, it is easy to see that the value of Eq. (8) depends not
only on the rejected sample x, but also on all the other samples.

Nevertheless, the analysis of Eq. (8) reveals that, under some conditions on
the values of its terms, the contribution of a sample x does not depend on the
other samples. In particular, under such conditions it can be shown that the
individual sample x* whose rejection maximises F™ can be found as follows:

. TP(x)+ A 9
¥ TXES FP(x)+ @FN(x)+ B’ B

where A and B are two arbitrary positive constants[] Whether or not the condi-
tions mentioned above hold is however unknown in practice. Therefore, (@) can
be used to define only a suboptimal classification reliability measure to be used
for any x. In this paper we define R(x) exactly as the right-hand side of (@):

TP(x)+ A

B = ppx)+ g2PN) + B

(10)

! Due to lack of space, the proof of these properties is reported here, and can be found
at http://prag.diee.unica.it/pra/bib/pillai_iciap2011_rj.
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As explained above, any pair of values A > 0 and B > 0 can be used, if the
conditions mentioned above hold. To take into account the cases when they
do not hold, we can set A and B such that R(x) approximates the value of
expression (). Namely, we can set A = TP(S), B = FP(S) + 32FN(S),
where TP(S), FP(S) and FN(S) are estimated from validation data. The val-
ues TP(x), FP(x) and FN(x) can be estimated from validation data as well.
For instance, TP(x) (true positives) can be estimated as the number of correct
category assignments on the subset of the K validation samples nearest to x, for
some K. An alternative method can be used for classifiers which provide a score
si(x) € R for each class wg, as many multi-label classifiers do: one can consider
for each class wy the K validation samples whose scores are closest to si(x).

Consider now the macro-averaged F' measure of Eq. ([@)). It is not difficult to
see that using the criterion () to define a classification reliability measure, the
contribution of a sample x is not independent on the other samples, similarly to
the case of the micro-averaged F' measure. However, note that Fé\/[ is defined as
the mean of Fjj of the N classes. It turns out that under some conditions on
TPy(x), FPy(x) and F Ny (x), the analogous of Eq. ([@) holds for the individual
Fg 1, for any Ay, By, > 0. As a suboptimal classification reliability measure we
chose therefore to use:

R(x

Z Tpk(X) +Ak (11)

1
) N b N FPk(X) —|—ﬁ2FNk(X) + B ’
where the values Ay, By, FP;(x), FNi(x) and T P;(x) can be estimated form

validation data as explained above, independently for each category wyg.

5 Experimental Evaluation

The aim of our experiments was to evaluate the trade-off between automatic
classification accuracy and the fraction of rejected samples that can be attained
by a multi-label classifier using the approach proposed in this paper.

The experiments were carried out on three widely used benchmark data sets,
related to two text categorisation and one image annotation task: the “ModApte”
version of “Reuters 21578;&3 the Heart Disease subset of the Ohsumed data set
[¥], and the Scene data set. Their main characteristics are reported in Table [II

The bag-of-words feature model with the term frequency—inverse document
frequency (tf-idf) features [12] was used for Reuters and Ohsumed. A feature
selection pre-processing step was carried out for Reuters and Ohsumed, through
a four-fold cross-validation on training samples, by applying stemming, stop-
word removal and the information gain criterion. This lead to the selection of
15,000 features for both data sets.

To implement a N-class multi-label classifier we used the well known binary
relevance approach. It consists in independently constructing N two-class classi-
fiers using the one-vs-all strategy [T2JT3]. We used as the base two-class classifier

2 http://www.daviddlewis.com/resources/testcollections/reuters21578/
3http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel.html
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Table 1. Characteristics of the three data sets used in the experiments

Data set Reuters Ohsumed Scene
N. of training samples 7769 12775 1211
N. of testing samples 3019 3750 1196
Feature set size 18157 17341 295
N. of classes 90 99 §
Distinct sets of classes 365 1392 14
N. of labels per sample (avg./max.) 1.23 /15 1.492 / 11 1.06 / 3

N. of samples per class (min./max.) 1.3E-4 /0.37 2.4E-4 / 0.25 0.136 / 0.229

a support vector machine (SVM) implemented by the libsvm software [3]. A
SVM linear kernel was used for Reuters and Ohsumed, as it is considered the
state of the art classifier for text categorisation tasks. A radial-basis function
(RBF) kernel was used for Scene instead. The C' parameter of the SVM learning
algorithm was set to the 1ibsvm default value of 1. The ¢ parameter of the RBF
kernel, defined as K (x,y) = exp (—||x — y||?/20), was estimated by a four-fold
cross-validation on training samples.

Since the output of a SVM is a real number, a threshold has to be set to decide
whether labelling or not an input sample as belonging to the corresponding class.
The N threshold values can be chosen as the ones which optimise the considered
performance measure. In these experiments we used the F' measure with 5 = 1.
To maximise the macro-averaged F measure of Eq. (@), it is known that the
threshold can be set by independently maximising the individual F' measure of
each class, Eq. (@) [15]. No optimal algorithm exists for maximising the micro-
averaged F' measure instead. We used the suboptimal iterative maximisation
algorithm recently proposed in [5]. In both cases the thresholds were estimated
through a five-fold cross-validation on training data.

In the experiments several values of the rejection rate rya.x were considered,
ranging in [0,0.3] with a step of 0.05. For each rpnax value, we implemented
a decision rule with the reject option by using the reliability measures R(x)
of Eq. (I0) and Eq. (), respectively when the micro- and macro-averaged F
measure was used. For any input sample x, the values of TP, FP and FN
in R(x) were estimated using the scores si(x), k = 1...N of the SVMs, as
described in Sect. @l To this aim, we estimated the score distribution for each
class on training samples, using 20 bins histograms, where the bins correspond
to disjoint intervals of the score range. The rejection threshold T" was set to the
value that lead to the desired rejection rate rp.x on training samples. Note that
for rmax = 0 we obtain a standard multi-label classifier without a reject option.

For each data set ten runs of the experiments were carried out, using 80% of
the patterns of the original training set. To this aim, ten different training sets
were obtained by randomly partitioning the original one into ten disjoint subsets
of identical size, and using at each run only eight partitions as the training set.
The original test set was used at each run.
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Fig. 1. Test set averaged Fi™ (left) and F{ (right) versus the rejection rate on the
three data sets. The standard deviation is denoted by vertical bars.

In Fig. [l we report the average micro- and macro-averaged F' measure over
the ten runs, as a function of ry.x. The standard deviation is also reported as
vertical bars. Note that the decision thresholds of the N two-class SVM classifiers
were computed by optimising the same performance measure (either the micro-
or macro-averaged F' measure) used to evaluate the classifier performance.

The results in Fig. [[l show that the classification accuracy attained on non-
rejected samples always increases as the rejection rate increases. In particular,
rejecting up to 30% of the samples, the accuracy improvements are quite re-
markable for the micro-averaged F' measure, and also for the macro-averaged
one in the Scene data set, taking also into account the small standard deviation.
Another relevant result is that the rejection rate observed in the test set was
always very close to the desired rejection rate (rmax = 0.5,1.0,1.5,2.0,2.5,3.0),
which was set on training samples through the choice of the threshold T'. This
can be seen in Fig. [[l where the rejection rates correspond to the position of the
standard deviation bars.

6 Conclusions

We proposed two approaches to implement a reject option in multi-label classi-
fiers, aimed at reducing the manual annotation time in tasks like text categori-
sation and image annotation (either by using the tagging or browsing approach),
attaining at the same time a higher classification accuracy on automatically clas-
sified samples than the one which can be obtained without a reject option. We
also derived a classification reliability measure to decide whether a sample has to
be rejected or not, for the case when the tagging approach is used, with the aim
of maximising both the macro- and micro-averaged F' measure on non-rejected
samples. Reported experimental results related to text categorisation and im-
age annotation tasks provided evidence that the proposed approach can allow
to significantly improve the accuracy of an automatic classifier, even when only
30% of samples are rejected and must be manually labelled.
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We mention two issues to be further investigated. One is the definition of more
accurate reliability measures, especially for the macro-averaged F' measure. The
other one stems from the novel manual annotation approach proposed in [I14],
which combines tagging and browsing, and is more efficient than both of them
for some applications. Accordingly, a hybrid rejection approach obtained as the
combination of the two ones identified in Sect. [2] can be devised for this hybrid
tagging-browsing approach.

Acknowledgements. This work was partly supported by a grant from Re-
gione Autonoma della Sardegna awarded to Ignazio Pillai, PO Sardegna FSE
2007-2013, L.R.7/2007 “Promotion of the scientific research and technological
innovation in Sardinia”.

References

1. Aronson, A., Rogers, W., Lang, F., Névéol, A.: 2008 report to the board of scientific
counselors (2008), http://ii.nlm.nih.gov/IIPublications.shtml

2. Boutell, M.R., Luo, J., Shen, X., Brown, C.M.: Learning multi-label scene classifi-
cation. Pattern Recognition 37(9), 1757-1771 (2004)

3. Chang, C.C., Lin, C.J.: LIBSVM: a library for support vector machines (2001),
software available at http://www.csie.ntu.edu.tw/~cjlin/libsvm

4. Chow, C.K.: On optimum recognition error and reject tradeoff. IEEE Transactions
in Information Theory 16(1), 41-16 (1970)

5. Fan, R.E., Lin, C.J.: A study on threshold selection for multi-label. Tech. rep.,
National Taiwan University (2007)

6. Fumera, G., Pillai, 1., Roli, F.: Classification with reject option in text categorisa-
tion systems. In: Int. Conf. Image Analysis and Proc. (2003)

7. Fumera, G., Pillai, I., Roli, F.: A Two-Stage Classifier with Reject Option for Text
Categorisation. In: Structural, Syntactic, and Statistical Patt. Rec. (2004)

8. Lewis, D.D., Schapire, R.E., Callan, J.P., Papka, R.: Training algorithms for linear
text classifiers. In: SIGIR, pp. 298-306 (1996)

9. Nowak, S., Huiskes, M.: New strategies for image annotation: Overview of the
photo annotation task at imageclef 2010. Working Notes of CLEF 2010 (2010)

10. Pudil, P., Novovicova, J., Blaha, S., Kittler, J.V.: Multistage pattern recognition
with reject option. In: ICPR, pp. I1:92-11:95 (1992)

11. Ruiz, M., Aronson, A.: User-centered evaluation of the medical text indexing (mti)
system (2007), http://ii.nlm.nih.gov/IIPublications.shtml

12. Sebastiani, F.: Machine learning in automated text categorization. ACM Comput-
ing Surveys 34(1), 1-47 (2002)

13. Tsoumakas, G., Katakis, I., Vlahavas, I.: Mining multi-label data. In: Data Mining
and Knowledge Discovery Handbook, pp. 667-685 (2010)

14. Yan, R., Natsev, A., Campbell, M.: An efficient manual image annotation approach
based on tagging and browsing. In: Workshop on Multimedia Inf. Retr. on The
Many Faces of Multimedia Semantics, pp. 13-20 (2007)

15. Yang, Y.: A study of thresholding strategies for text categorization. In: Int. Conf.
on Research and Development in Information Retrieval, New York, USA (2001)


http://ii.nlm.nih.gov/IIPublications.shtml
http://www.csie.ntu.edu.tw/~cjlin/libsvm
http://ii.nlm.nih.gov/IIPublications.shtml

	A Classification Approach with a Reject Option for Multi-label Problems
	Introduction
	Rejection Criteria for Multi-label Problems
	Accuracy of Multi-label Classifiers with a Reject Option
	Maximising the F Measure for a Given Cost of Rejections
	Experimental Evaluation
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /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 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /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
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. 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 high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /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 /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




