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Abstract

Model selection is an important task in machine learning and
data mining. When using the holdout testing method to do
model selection, a consensus in the machine learning commu-
nity is that the same model selection goal should be used to
identify the best model based on available data. However, fol-
lowing the preliminary work of (Rosset 2004), we show that
this is, in general, not true under highly uncertain situations
where only very limited data are available. We thoroughly in-
vestigate model selection abilities of different measures un-
der highly uncertain situations as we vary model selection
goals, learning algorithms and class distributions. The exper-
imental results show that a measure’s model selection abil-
ity is relatively stable to the model selection goals and class
distributions. However, different learning algorithms call for
different measures for model selection. For learning algo-
rithms of SVM and KNN, generally the measures of RMS,
SAUC, MXE perform the best. For learning algorithms of de-
cision trees and naive Bayes, generally the measures of RMS,
SAUC, MXE, AUC, APR have the best performance.

Introduction

Some machine learning and data mining tasks, such as facial
and hand writing recognitions, usually need to train a highly
robust and accurate learning model. In these cases a learning
model trained with the default or arbitrary parameter settings
is not enough because it usually cannot achieve the best per-
formance. To satisfy these requirements we vary the param-
eter settings to train more than one learning models and then
select the best one as the desired model. Instances of select-
ing learning model include choosing the optimal number of
hidden nodes in neural networks, choosing the optimal pa-
rameter settings of Support Vector Machines, and determin-
ing the suitable amount of pruning in building decision trees.
This arises the model selection problem, which is an impor-
tant task in statistical estimation, machine learning, and sci-
entific inquiry (Vapnik 1982; Linhart & Zucchini ). Model
selection attempts to select the model with best future per-
formance from alternate models measured with a model se-
lection criterion. Traditional model selection tasks usually
use accuracy as model selection criterion. However, some
data mining applications often call for other measures as cri-
teria. For example, ranking is an important task in machine
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learning. If we want to select a model with best future rank-
ing performance, then AUC (Area Under the ROC Curve),
instead of accuracy, should be used as the model selection
criterion. A model selection criterion is called “model selec-
tion goal”. Holdout testing method is a primary approach to
perform model selection. It uses a holdout data to estimate
a model’s future performance: repeatedly using a subset of
data to train the model and using the rest for testing. In the
testing process we may choose other measures to evaluate
a model’s performance. These measures are called “model
evaluation measures”. A common consensus in the machine
learning community is that the model selection goal measure
and the model evaluation measure should be same.

In practice we often encounter situations where resources
are severely limited, or fast training and testing are required.
We only have very limited data for model training and for fu-
ture performance evaluation, which is called the highly un-
certain situations. Naturally one may ask whether the com-
mon consensus that the model selection goal measure and the
model evaluation measure should be same is also true un-
der the highly uncertain conditions. Rosset (Rosset 2004)
performed an initial research on this question with two spe-
cial measures: accuracy and AUC. He compared the per-
formance of model evaluation measures AUC and accuracy
when the model selection goal is accuracy. He showed that
AUC can more reliably identify the better model compared
with accuracy for Naive Bayes and k-Nearest Neighbor mod-
els, even when the model selection goal is accuracy. How-
ever, his work has several limitations. First, he only chose
very limited data (one synthetic dataset and one real world
dataset) to perform the experiment. Second, he did not study
model selection with different goals (other than accuracy) us-
ing different evaluation measures (other than AUC and accu-
racy), as learning algorithms and class distributions vary.

In this paper we thoroughly investigate the problem of
model selection under highly uncertain conditions. We ana-
lyze the performance of nine different model evaluation mea-
sures under three different model selection goals, four differ-
ent learning algorithms, on a variety of real world datasets
with a wide range of class distributions.

We have obtained some surprising and interesting results.
First, we show that the common consensus mentioned above
is generally not true under the highly uncertain conditions.
With the model selection goals of accuracy, AUC or lift,



many measures may perform better than these measures
themselves. Second, we show that a measure’s model se-
lection ability is relatively stable to different model selection
goals and class distributions. Third, different learning algo-
rithms call for different measures for model selection.

Evaluation Measures

We review eight commonly used evaluation measures, Accu-
racy (acc), AUC, F-score (FSC), Average Precision (APR),
Break Even Point (BEP), Lift, Root Mean Square Error
(RMS), Mean Cross Entropy (MXE). Details of these mea-
sures can be found in (Caruana & Niculescu-Mizil 2004).

(Caruana & Niculescu-Mizil 2004) categorizes different
machine learning measures into three groups: threshold
measures, ranking measures, and probability-based mea-
sures.  Accuracy, F-score, lift and Break Even Point are
called threshold measures because they all use thresholds in
their definitions. AUC and Average Precision have the com-
mon characteristic that they measure the quality of ranking:
how well each positive instance is ranked compared with
each negative instance. Thus they are called ranking mea-
sures as they only consider the ordinal relations of instances.
RMS and MXE, however, depend on the predicted probabili-
ties. This kind of measures are called probability-based mea-
sures. For RMS and MXE, the closer the predicted probabil-
ities to the true probabilities, the smaller the values.

However, the ranking measures and probability-based
measures both have some weaknesses. Ranking mea-
sures completely ignore the predicted probabilities, while
probability-based measures need the true probabilities,
which is usually not available in the real world applications.
To overcome these weaknesses, a new measure, SAUC
(Softened Area Under the ROC Curve), is proposed. Sup-
pose that there are m positive examples and n negative
examples. If we use pi*, p; to represent the predicted
probabilities of being positive for the ith positive example
and the jth negative example, respectively, then

S (e = e (P - p7)
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Clearly, SAUC is in the range of [0,1]. The closer the pre-
dicted probabilities to the true probabilities, the larger the
SAUC. SAUC and AUC have the common point in that they
both measure how each positive instance is ranked compared
with each negative instance. However, AUC only cares
whether each positive instance is ranked higher or lower than
each negative instance, while SAUC also considers the prob-
ability differences in the ranking. In addition, SAUC also
reflects how well the positive instances are separated from
the negative instances according to their predicted probabil-
ities. Thus SAUC can be categorized both as a ranking and
a probability-based measure. As a more refined and delicate
measure than AUC, SAUC can reflect both ranking and prob-
ability predictions.

Experiments to Evaluate Measures for Model
Selection

We perform experiments to simulate model selection tasks
under highly uncertain conditions. The goal of these exper-
iments is to study the model selection abilities of measures
under different model selection goals, learning algorithms,
and class distributions.

Model Selection Goals

In our experiments we choose three model selection goals:
accuracy, AUC and lift. Accuracy is chosen because it is the
most commonly used measure in a variety of machine learn-
ing tasks. Most of previous researches adopted accuracy as
the model selection goal (Schuurmans 1997; Vapnik 1982).
Ranking is increasingly becoming an important task in ma-
chine learning. We choose AUC as a model selection goal
because it reflects the overall ranking performance of a clas-
sifier. Actually AUC has been widely used to evaluate, train
and optimize learning algorithms in terms of ranking. We
also choose lift as another model selection goal because it is
very useful in some data mining applications, such as market
analysis.

Data Sets and Learning Algorithms

We select 17 large data sets, each with at least 5000 instances.
13 of them are from the UCI repository (Blake & Merz 1998)
and the rest are from (Delve 2003) and (Elena 1998). The
properties of these datasets are listed in Table 1. All mul-
ticlass datasets are converted to binary datasets by catego-
rizing some classes to the positive class and the rest to the
negative class. For six multiclass datasets, letter, chess, ar-
tificial character, pen digits, isolet and satimage, we also
vary the class distributions to generate more than one binary
datasets. For example, the letter dataset contains 26 classes.
We generate 6 different binary datasets with 50%, 38.2%,
25%, 11.5%, 7.8% and 4% of the positive class by select-
ing the letters of A-M, A-J, A-G, A-C, A-B, A as positive
class, respectively. We generate different class distributions
because we will investigate whether class distributions influ-
ence a measure’s model selection ability. From the multi-
class datasets we can obtain a total of 41 binary datasets for
our experiment as shown in Table 1.

We choose four learning algorithms: Support Vector Ma-
chine (SVM), k-Nearest Neighbor (KNN), decision trees
(C4.5) and Naive Bayes in our study. We choose four
different learning algorithms because we want to investi-
gate whether different learning algorithms affect a measure’s
model selection ability. For each learning algorithm we vary
certain parameter settings to generate 10 different learning
models with potentially different future predictive perfor-
mance. For SVM, we choose the polynomial kernel with the
degree of 2 and we vary the regularization parameter C with
the values of 107°,107>,---,1,10,50, and 100. For KNN
we set k with different values of 5, 10, 20, 30, 50, 100, 150,
200, 250, and 300. For C4.5 we vary tree construction stop-
ping parameter m = 2,5, 10 and tree pruning confidence level
parameter ¢ = 0.1,0.25,0.35. For Naive Bayes we vary the
number of attributes of each datasets used to train different



Table 1: Properties of datasets used in experiments

Dataset Size Training Size | Attribute # | Class # Positive Class Ratio
Letter 20000 2000 16 26 50%, 38.2%, 25%, 11.5%, 1.8%, 4%
Adult 30162 4000 14 2 24.8%

Artificial Char | 31000 2500 6 10 50%, 30%, 20%, 10%

Chess 28060 2500 6 16 47%, 23.5%, 10%, 5%

Page blocks 5473 1000 10 5 10.2%

Pen digits 10992 1000 16 10 50%, 40%, 30%, 1.4%, 1%, 3%

Nursery 10992 1000 8 5 33.3%

Covtype 29000 2900 54 7 48.8%

Connect-4 38770 3877 42 3 65.8%

Nettalk 20000 1000 3 2 28.2%

Musk 7075 700 50(166) 2 45%

Mushroom 8124 810 22 2 48.2%

Isolet 7797 780 60(617) 26 50%, 38.2%, 25%, 11.5%,7%, 4%
Satimage 6435 640 5 7 9.7%, 23.8%, 30.8%, 47.2%
Phoneme 5427 540 5 2 29.4%

Texture 22000 2200 40 14 36.7%

Ringnorm 7400 740 21 2 27%

learning models. We train a sequence of Naive Bayes mod-
els with an increasing number of attributes used, with the at-
tributes of any former model is the subset of any latter model.
For example, for the pen digits dataset, we choose the first 1,
2,4,6, 8, 10, 12, 14, 15, 16 attributes in training 10 differ-
ent Naive Bayes models. We use WEKA (Witten & Frank
2000) implementations for these algorithms.

Experiment Process

We use the holdout testing method to perform model selec-
tion. Our approach is different from the standard cross val-
idation or bootstrap methods. Here only a small sample of
the original dataset is used to train learning models, and lots
of small test sets are used to simulate the small future unseen
data. This is a simple approach to simulate model selection
in highly uncertain conditions (Rosset 2004). Given a model
selection goal f, a model evaluation measure g, a learning
algorithm and a binary dataset, we use the following experi-
mental process to test the model selection ability of g.

The binary dataset is stratified ! into 10 equal subsets. One
subset is used to train different learning models and the rest
are stratified into 100 small equal-sized test sets. We train
10 different learning models of the learning algorithm on the
same training subset. For each model we evaluate it on the
100 small test sets. For two models X and Y, X is better
than Y iff E(f(X)) > E(f(Y)), where E(f(X)) is the mean
f score measured on X’s 100 testing results. g is used to
measure X and Y’s testing results on each of the 100 test-
ing sets and compare them to see whether or not they agree
with E(f(X)) and E(f(Y)). If f agrees with g then g se-
lects the correct model; otherwise g selects the wrong model.
We count in how many cases (among 100) that g selects the
correct model. This leads a percentage (or probability) that

le

stratify” means to partition a dataset into some equal-sized
subsets with the same class distribution.

g can choose the better model between X and Y, represent-
ing how well a measure can do in selecting model. When all
pairs of learning models are considered, we use the measure
MSA to reflect the overall model selection ability of g. It is
defined as

MSA(g) = ﬁ Zpij

i<j

where N is the number of learning models (N = 10), p;; is
the probability that measure g can correctly identify the bet-
ter one from models i and j.

We repeat the above process 10 times by choosing a differ-
ent subset for training each time. We use the average MSA(g)
to measure the model selection ability of g.

Experimental Results Analysis

We use the MSA measure as the criterion to explore two is-
sues from the experimental results. First, we will compare
the MSA of the goal measure with other measures. This will
tell us whether it is true that we should always use the model
selection goal as the evaluation measure to do model selec-
tion. Second, we will explore whether different model selec-
tion goals, class distributions and learning algorithms influ-
ence a measure’s model selection ability.

To clearly explore the above two issues, we need to di-
rectly present and analyze the MSA of all the measures in all
cases. If a model selection task with a specific model selec-
tion goal, dataset, and learning algorithm is called a “model
selection case”, there are a large number of such model se-
lection cases. One direct approach to clearly show the MSA
of different measures is to use a figure to depict the MSA per-
formance for each model selection case.

However, the major problem of this approach is that there
are too many such figures to be presented. Since in our ex-
periments we use 41 binary datasets, 4 learning algorithms



and 3 model selection goals, there are totally 41 x 4 x 3 =
492 figures. If these figures are categorized according to dif-
ferent model selection goals, there are 164 figures for each
model selection goal category. On the other hand, it is also
difficult to choose the representative and diverse figures for
different model selection cases.

To overcome this difficulty, we use a statistical method
to evaluate a measure’s MSA. To compare a measure’s
MSA with that of a model selection goal, we categorize the
model selection cases according to different model selection
goals. For each model selection case, there is a measure that
achieves the best MSA. We compute the percentage of the
cases in which one measure can reach the maximum MSA
within a varying x% tolerance range, to the total cases. This
percentage indicates the success rate that one measure can
reach the maximum within an x% range. The success rates
of different measures can be depicted in a figure, in which
each curve line represents the success rate of a measure.

Comparing a Measure’s MSA with Goal Measure Fig-
ure 1(a) depicts the success rates of different measures when
we choose accuracy as the model selection goal, while vary-
ing the tolerance ranges from 1% to 5%. We can see that the
measures SAUC, RMS, MXE, AUC, APR statistically per-
form better than accuracy for different learning algorithms
and datasets. The measures lift and BEP, however, are con-
stantly worse than accuracy.

In Figure 1(b) AUC is used as the model selection goal.
Only SAUC, RMS and MXE perform better than AUC in
most of the sub figures. All other measures are inferior to
AUC.

In Figure 1(c) lift is used as model selection goal. We can
see that except for BEP all measures are constantly better
than lift. Furthermore, by comparing Figure 1(c) with Fig-
ure 1(b) and Figure 1(a), we can see that the differences of
success rates between SAUC, RMS, MXE, AUC, APR with
lift are much more than their corresponding differences with
accuracy and AUC in Figures 1(a) and 1(b).

The above discussion shows that under the highly uncer-
tain condition, in general, we should not use the model se-
lection goal measure to perform model selection. This result
extends the preliminary work of (Rosset 2004) to more gen-
eral situations.

The Stability of a Measure’s MSA We next discuss
whether one measure’s MSA is stable under different model
selection goals, class distributions, and learning algorithms.

(i)Model Selection Goals

From the analysis of the previous subsection, we can see
that a measure’s absolute ability (MSA) is stable to the model
selection goals.

(ii)Class Distributions

To explore whether class distributions influence a mea-
sure’s MSA, we analyze the experimental results according
to the datasets with different class distributions. The exper-
imental results are categorized into three groups according
to the datasets with class distributions of 40%-50%, 25%-
30%, 1.4%-10%, respectively. Each group includes the ex-
perimental results with all model selection goals and learning
models. The success rates of measures are depicted in Figure

2. If we rank measures according to their MSA, we can see
that generally this ranking is stable to class distributions.

(iii)Learning Algorithms

We explore how a measure’s MSA is influenced by differ-
ent learning algorithms. We first discuss how different mea-
sures perform for the learning models of SVM and KNN.
Here we fix the learning algorithms and vary the datasets and
model selection goals. The success rates of measures are de-
picted in Figure 3(a) and Figure 3(b) for SVM and KNN, re-
spectively.

As shown in Figure 3(a) and 3(b), the measures can be cat-
egorized into three different groups according to their perfor-
mance.

The probability-based measures, including SAUC, RMS
and MXE, achieve the best performance. MXE and RMS
perform very similarly in most situations. The second group
of measures, including AUC and APR, are inferior to the first
group measures (SAUC, RMS and MXE). The third group
includes the measures of accuracy, F-score, BEP, and lift.
This group measures are inferior to the second group mea-
sures. F-score is generally competitive with accuracy. Lift
and BEP are the two measures always with the worst perfor-
mance.

Surprisingly, the above three groups of measures match
the categories of probability-based measures, ranking mea-
sures and threshold measures. Therefore it seems that there
is a strong correlation between a measure’s category with
its model selection ability. An appropriate explanation
lies in two aspects. First, the outstanding performance of
probability-based measures (RMS, MXE) is partly due to
the high quality probability predictions of SVM and KNN
learning algorithms. Second, the discriminatory power of the
measures also plays an important role. The discriminatory
power of a measure reflects how well this measure can dis-
criminate different objects when it is used to evaluate them.
Generally a measure’s discriminatory power is proportional
to the different possible values it can reach. As an example,
for a ranked list with n( positive instances and n; negative
instances, accuracy and lift can only reach n +ng and (ng +
ny)/4 different values (if we use a fixed 25% percentage for
lift). The ranking measure AUC can reach ngn; different
values. The probability-based measure RMS, however, can
have infinitely many different values. Thus these measures
can be ranked according to their discriminatory power (from
high to low) as RMS, AUC, accuracy, lift. This discrimina-
tory power ranking matches with the model selection perfor-
mance sequence. Therefore we can claim that a measure’s
model selection ability is closely correlated with its discrim-
inatory power for the SVM and KNN learning algorithms.
The possible reason is that a measure with high discrimina-
tory power usually uses more information in evaluating ob-
jects and thus is more robust and reliable. Probability-based
measures use the predicted probability information, and thus
they are more accurate than ranking measures which only use
the relative ranking position information. Similarly, rank-
ing measures also use more information than accuracy or lift,
which only considers the classification correctness in the part
or whole dataset ranges.

However, compared with SVM and KNN learning al-
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gorithms, measures perform differently for decision trees
(C4.5) and Naive Bayes. The success rate graphs are shown
in Figure 3(c) and Figure 3(d) for Naive Bayes and deci-
sion trees. We can see that probability-based measures do
not always perform better than ranking measures. This in-
dicates that they might be unstable for some datasets and
model selection goals. By comparing ranking measures with
threshold measures, however, we can see that these two kinds
of measures are less influenced by learning algorithms. We
can conclude that generally the measures of RMS, SAUC,
MXE, AUC, APR have the best performance for decision
trees (C4.5) and Naive Bayes algorithms.

(Domingos & Pazzani 1997; Provost, Fawcett, & Ko-
havi 1998) have shown that learning algorithms of C4.5 and
Naive Bayes usually produce poor probability estimations.
The poor probability estimations directly degrade the perfor-
mance of SAUC, RMS and MXE when they are used to rank
learning models. This explains why the probability-based
measures perform unstably for C4.5 and Naive Bayes mod-
els. Although the poor probability estimations also influence
the ranking measures of AUC and APR, these influences are
not so strong. This also explains why the ranking measures
relatively perform stably.

In summary, from the above discussions we can draw the
following conclusions.

1. For model selection tasks under the highly uncertain con-
ditions, the common consensus that the goal measure
should be used to do model selection is not true.

2. A measure’s model selection performance is relatively sta-
ble to the selection goals and class distributions.

3. Different learning algorithms need to choose different
measures for model selection tasks. For learning algo-
rithms with good quality of probability predictions (such
as SVM and KNN) a measure’s model selection ability
is closely correlated with its discriminatory power. The
probability-based measures (SVM, SAUC, MXE) per-
form best, followed by ranking measures (AUC, APR),
followed by threshold measures (Accuracy, FSC, BEP,
lift). For learning algorithms with poor probability pre-
dictions (such as C4.5 and Naive Bayes), the probability-
based measures such as SVM, SAUC and MXE perform
quite unstable. AUC and Average Precision become ro-
bust and well performed measures.

Conclusions and Future Work

Model selection is a significant task in machine learning
and data mining. In this paper we perform a thorough
empirical study to investigate how different measures per-
form in model selection under highly uncertain conditions,
with varying learning algorithm, model selection goals and
dataset class distributions. We show that a measure’s model
selection performance is relatively stable by model selection
goals and class distributions. However, different learning al-
gorithms call for different measures for model selection.

For our future work, we plan to investigate model selec-
tion tasks under other uncertain conditions. We also plan to
devise new model selection measures that are specialized un-
der different conditions.

References

Blake, C., and Merz, C. 1998. UCI
repository of machine learning databases.
http://www.ics.uci.edu/~mlearn/MLRepository.html.
University of California, Irvine, Dept. of Information and
Computer Sciences.

Caruana, R., and Niculescu-Mizil, A. 2004. Data mining
in metric space: An empirical analysis of supervised learn-
ing performance criteria. In Proceedings of the 10th ACM
SIGKDD conference.

Delve. 2003. Delve project: Data for evaluating learning
in valid experiments. http://www.cs.toronto.edu/ delve/.

Domingos, P., and Pazzani, M. 1997. Beyond indepen-
dence: Conditions for the optimality of the simple Bayesian
classifier. Machine Learning 29:103-130.

Elena. 1998. Elena datasets.
ftp://ftp.dice.ucl.ac.be/pub/neural-nets/ELENA/databases.

Linhart, H., and Zucchini, W. Model Selection. New
York:Wiley.

Provost, F.; Fawcett, T.; and Kohavi, R. 1998. The case
against accuracy estimation for comparing induction algo-
rithms. In Proceedings of the Fifteenth International Con-

ference on Machine Learning. Morgan Kaufmann. 445-
453.

Rosset, S. 2004. Model selection via the AUC. In Pro-
ceedings of the 21st International Conference on Machine
Learning.

Schuurmans, D. 1997. A new metric-based approach to
model selection. In Proceedings of National Conference on
Artificial Intelligence(AAAI-97).

Vapnik, V. 1982. Estimation of Dependences Based on Em-
pirical Data. Springer-Verlag NY.

Witten, I. H., and Frank, E. 2000. Data Mining: Practical
machine learning tools with Java implementations. Morgan
Kaufmann, San Francisco.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 2
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /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.)
  >>
  /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 [612.000 792.000]
>> setpagedevice


