
                    Journal of Intelligent Computing   Volume   9   Number   3     September   2018          93

A Hybrid Feature Selection Algorithm Based on Information Gain and Sequential
Forward Floating Search

ABSTRACT: As an important pre-processing method in machine learning, feature selection eliminates data redundancy and
reduces feature dimensions and computational time complexity effectively. In order to further reduce the number of iterations
of the feature selection algorithm and improve the classification accuracy, a new hybrid feature selection algorithm is pro-
posed, which combines the filter algorithm based on information gain and the wrapper algorithm based on Sequential
Forward Floating Search (SFFS) and Decision Tree (DT). The optimal candidate feature subset is quickly found by ranking
the features using information gain. In order to avoid the nesting effect of features, SFFS algorithm is used to reduce feature
dimensions of the optimal candidate feature subset. The experiments show that the maximum ratio of the number of reduced
features and the number of initial features is 92.86%. Compared with other feature selection algorithms, the maximum decline
of the number of iterations is about 67.8%, and the maximum increase of the classification accuracy is about 10.5%. The results
prove that the hybrid algorithm possesses higher computational efficiency and classification accuracy.
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1. Introduction

With the rapid development of computer technology, the accumulation of data grows exponentially. However, valuable informa-
tion is rare, so how to extract useful information and models from a large number of data quickly and efficiently becomes urgent
demands for people. Data mining is an interdisciplinary technology that combines databases, machine learning, pattern recogni-
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tion, statistics and other researches. The technology extracts potential and useful information from a large number of data and has
gradually become one of the most popular methods in the field of data analysis[1]. In order to take advantage of data mining tools
efficiently, data preprocessing plays a crucial role. Feature selection is one of the important and common techniques in data
preprocessing. It reduces the number of features by removing redundant or irrelevant data, and improves the speed of calculation
and prediction accuracy of data mining algorithm[2]. Feature selection is a process of searching for the optimal subset from the
initial feature dimension. The typical feature selection process is divided into four main steps: subset generation, subset evalu-
ation, stopping criterion and result validation[3]. Firstly, The subset generation is essentially a process of heuristic search. And
it is determined by a search starting point and a search method. The data set with N feature dimensions contains 2N candidate
subsets, indicating that the search space is exponentially related to the feature dimension. Therefore, in order to reduce the
computational complexity of the search process, the search method is divided into three strategies: complete search, sequential
search and random search. Secondly, the candidate feature subset generated during every search process needs to be evaluated
by the evaluation criterion. If a new subset performs better, the previous best subset is replaced by it. The process of subset
generation and subset evaluation is repeated until the stop criterion takes effect. Finally, the selected candidate subset needs to
be validated and analyzed.

For different evaluation criterions, feature selection algorithms are broadly divided into three categories: Filter Model, Wrapper
Model and Hybrid Model[2]. 1) The filter model is independent of the mining algorithm, depending on the general traits of the data
to evaluate. Two kinds of filter feature selection methods based on ReliefF and information gain were proposed in [4] for multi-tag
classification. The maximum percentage of feature reduction was 95.93%, which greatly reduced the computational complexity of
the algorithm. 2) The wrapper model requires a specific mining algorithm and regards the performance as the evaluation criterion
of the feature subsets. The model improves the performance of the mining algorithm, but the computational complexity tends to
be higher relatively. For example, a method aiming to enhance the stability of sequence forward selection algorithm in the feature
selection process was proposed in [5]. The experiment proved its effectiveness by employing the Bayesian classifier and
obtained a better classification effect. In [6], Zhang Yudong et al. selected the binary PSO search method with mutation operator
(MBPSO) to extract the primary features of the spam in the network. The experiment combined the search algorithm and C4.5
decision tree classifier, and the result proved that the method was more effective than other algorithms, such as ILS (Iterated Local
Search) and GA (genetic algorithm). 3) The hybrid model takes advantage of the two models by adopting different evaluation
criteria in different search stages. It selects the optimal candidate subset by independent measure method, and then uses the
mining algorithm to obtain the final optimal subset, which ensures better performance of the mining algorithm and reduces the
computational complexity of the search algorithm. As suggested in [7], a hybrid feature selection algorithm based on Maximum
Minimum Backward Selection (MMBS) was proposed for liver tissue pathological image classification. The method took advan-
tages of both the fast calculation of filter algorithm and the high classification accuracy of wrapper algorithm, and possessed
better classification performance.

In order to obtain less computational complexity and higher accuracy, a new hybrid feature selection algorithm is proposed in this
paper. As an independent measure method, the information gain method is used to calculate the information gain value of each
feature. And the decision tree algorithm is regarded as a non-independent measure method and used to obtain the classification
accuracy of the feature subset. Simultaneously, the process of subset generation is realized by Sequential Forward Floating
Search (SFFS) method.

2. Information Gain and SFFS

2.1 Information Gain
Information Gain (IG) depends on the information entropy which the features provide to the system. Entropy is a parameter that
characterizes the state of substance in thermodynamics and is a measure of the degree of chaos in the system. In 1948, C.E.Shannon,
the father of information theory, applying entropy to the field of information, defined the average amount of information after
redundancy was excluded as “information entropy”[8]. Information entropy is the quantitative measure of information and
measures the degree of uncertainty of random variables[9].

Let X be a random variable. If the degree of uncertainty of X is higher, the greater amount of information is provided to the system.
The information entropy of the random variable X is defined as Eq.(1)[9]:

H(X)= − Σi
P (xi) log P (xi) (1)
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Information Gain refers to the amount of information after eliminating the uncertainty, which is the difference of the information
entropy between the random variable X and the random variable Y with respect to the random variable X. Therefore, information
gain is shown in Eq.(3).

IG (X, Y) =  H (X) −   H (X | Y) (3)

Information gain is a crucial concept in the information theory. For the classification system, information gain is in connection
with each individual feature[10]. Information Gain is to measure the amount of information obtained for category prediction by
knowing the presence or absence of a feature[11]. From Eq.(3) we can see that the information gain in the classification system is
as Eq.(4):

IG (t) = Σ
|C|

P (Ci) log P (Ci) + P (t)Σ
|C|

i =1
−

i =1
P (Ci | t) log P (Ci| t) + P (t)Σ

|C|

i =1
P (Ci | t) log P (Ci| t) (4)

Where Ci means the category attribute, P (Ci) is the probability of the ith class value, P(t) is the probability that feature t occurs,

and P(t ) is the probability that feature t does not occur, P (Ci | t) is the conditional probability that the class belongs to Ci when

the feature t is included, while P (Ci | t ) is the conditional probability that the class belongs to Ci when the feature t is not included.

The standard for measuring the importance of features is the amount of information that a feature brings to the classification
system. The more the amount of information carries, the more important the feature is [11]. Therefore, when the feature selection
is adopted in the filter model, some significant features of higher information gain are usually chosen to constitute the feature
subset of the classification system, and the importance of the feature subset is improved.

2.2 SFFS Algorithm
Sequential Forward Floating Search Algorithm (SFFS) is an improved Sequential Forward Search (SFS) algorithm. SFS is a
heuristic search approach. Setting the initial feature set is an empty set, a feature is added to the set at a time until the stop criterion
is reached[12]. The process is described as follow: the initial feature set is  D( f1, f2,..., fn). Assuming that the feature subset Sk
contains k features, the criterion function Aq = A (Sk + sq) needs to be calculated for each feature sq in set {D − sk}. The feature that
makes Aq the largest is selected and added to Sk. The computational complexity of SFS algorithm is small, but it produces a nesting
effect. Once a feature is selected to add to the feature subset, it can not be changed, which may lead to lower accuracy[13].
Therefore, SFFS is an improved algorithm aiming to overcome the shortcoming of SFS algorithm, which could remove features
that are already added to the feature subset[14]. The method of adding features in SFFS algorithm is similar to SFS, however, SFFS
algorithm could reduce the dimension of feature set by deleting the least significant feature during each iteration[15][16]. Suppose
k features (k < n) have been  selected into Sk, and SFFS algorithm mainly includes the following three steps [14]:

1) Using the basic SFS approach, find the feature sk +1 in the set {D − Sk} which maximizes the criterion function A( Sk+ sk +1), and
add it to Sk. Therefore, Sk +1 = Sk + sk +1;

2) Find the least significant feature in the set Sk +1. If sk +1 is the least significant feature, i.e. A( Sk+1− sk +1) > A( Sk+1− si), 1 < i < k.
then set k  = k + 1 and return to step 1; Otherwise, exclude si from Sk + 1 to form a new feature set S′k = Sk+1 − si. If k = 2, then set
Sk = S′k, A( Sk) = A(S′) and return to step 1, else return to step 3;

3) Find the least significant feature sj in the set S′k. If A( S′k − sj) < A( Sk−1), then set Sk =  S′k, A( Sk) =A( S′k) and return to step 1;
Otherwise, exclude sj  from S′k to form a new feature set S′k-1 = S′k − sj, and set k  =  k−1. Now, if k = 2, then set Sk = S′k ,  A( Sk) =
A( S′k) and return to step 1, else repeat step 3.

The algorithm will stop iterating until one of the following conditions is satisfied [16]: 1) The value of the  criterion function is

The information entropy of the random variable Y with respect to the random variable X is defined as Eq.(2) [9]:

H(X|Y)= −  ΣjP (yi) Σi
P (xi | yj) log P (xi | yj) (2)
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Figure 1. Main idea of hybrid algorithm

The hybrid algorithm is divided into three stages. Firstly, a filtering approach based on the information gain algorithm (IG) is
employed in the feature ranking stage, aiming at calculating the information gain of features and ranking in decreasing order.
Secondly, in the optimal candidate feature subset generation stage, the feature subset consisting of top m features is selected to
make the classification accuracy the highest. The m-dimensional feature subset is the optimal candidate feature subset and is
used as the input of the next stage. Finally, in the subset generation and subset evaluation stage, the optimal candidate feature
subset obtained by the previous stage is iteratively generated new feature subsets by SFFS algorithm. Each iteration needs to be
evaluated by the decision tree algorithm, and the subset with the best  evaluation result is the final optimal feature subset selected
by the hybrid feature selection algorithm.

2.3 Hybrid Algorithm with Decision Tree
The hybrid feature selection algorithm based on information gain and sequential forward floating search with decision tree is
shown in Figure 2.

Set the initial feature set is D ( f1, f2,....,  fn) and there are n features fi. Initialize set S0 as an empty set. The candidate subset is Scand,
and the final feature subset selected by the hybrid algorithm is Sk = {s1, s2,....,  sk), which contains k features, k < n. There are two
criterion functions IG (sd) and A(Sk) in the hybrid algorithm. IG (sd) represents the information gain of features, and IG (si) > IG (sj)
indicates that the feature si has a greater information gain value than the feature sj; A(Sk) means the classification accuracy
obtained by the decision tree algorithm, and A(Si) > A(Sj) is true if the feature set Si perform better than the feature set Sj. D \ sd
denotes that the feature set D does not contain the feature sd. A

− (si , Sk) represents the classification accuracy after removing the
feature si from the set Sk , Similarly, A+ (fi , Sk ) represents the classification accuracy after adding the feature fi  to the set Sk, and

no longer increased after a new feature is added; 2) The maximum number of features setted by the user has been reached.

3. Hybrid Feature Selection Algorithm

3.1 The Main Idea of Hybrid Algorithm
The sequential forward feature selection method is limited to some features with large contribution rate, however, in some
practical cases, the optimal combination of features is usually not composed of these features[16]. Consequently, the feature
subset obtained by the sequential forward feature selection method is likely to lead to lower classification accuracy. In order to
reduce the number of iterations and improve the classification accuracy, we propose a new hybrid feature selection algorithm,
which combines an independent measurement method based on information gain and a feature selection method based on
Sequential Forward Floating Search and  Decision Tree (DT). The main idea of the algorithm is shown in Figure 1.
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fi∈ D \ sk denotes that fi belongs to the feature set in which Sk is removed from D. The stop criterion of the hybrid algorithm is that
the classification accuracy of the feature subset is no longer increased when a new feature is added. Eventually, the iteration is
stopped and Sk is output as the final optimal feature subset.

3. Experiment and Result Analysis

In order to verify the performance of the proposed algorithm, this paper compares the hybrid algorithm with a filter model based
on information gain, a wrapper model based on SFFS and decision tree and another hybrid model based on SFFS and MC-

Figure 2. Hybrid feature selection algorithm with DT
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SVM[17]. The number of reduced features, the number of iterations and the classification result of four algorithms are considered
as three indexes to measure the performance of the algorithm. The experimental data sets are derived from UCI machine learning
database[18]. Data sets need to be preprocessed before the experiment, and missing data is filled with mean or mode. Every data
set is divided into training data (80%) and test data (20%). The final experimental results are obtained by ten fold cross validation.

3.1 Number of Features
Experiments are performed using 10 sets of data sets. The number of initial features, the nu mber of samples, and the number of
features after reducing by four feature selection algorithms are shown in Table 1, where the hybrid-DT algorithm is the proposed
hybrid algorithm with Decision Tree in section 2.2.

As shown in Table 1, the number of features has a corresponding reduction after four algorithms are applied to 10 sets of data sets.
The average number of features after reducing by hybrid algorithm with DT is less than filter algorithm and hybrid algorithm with
MC-SVM, but slightly more than wrapper algorithm, and the mean in the hybrid algorithm with MC-SVM is the largest. The
number of features after reducing by hybrid algorithm  with MC-SVM is more than the hybrid algorithm with Decision Tree in most
data sets. Monks and Heart-statlog have the same number of features after reducing by four algorithms. In Diabetes, Labor and
Credit-g, the number of features after reducing by hybrid algorithm with DT is more than the first two algorithms, but in Glass,
Breast-cancer, Hungarian, and Hepatitis, the number of features after reducing by hybrid algorithm with DT and wrapper algo-
rithm is less than filter algorithm. The result shows that different feature selection algorithms applied  to different data sets
produce different effects. The maximum percentage of feature reduction in the hybrid algorithm with DT is 92.86%, which greatly
reduces the feature dimension and decreases the computational complexity for the subsequent classification and modeling.

3.2 Number of Iterations and Classification Accuracy
The number of iterations and classification accuracy are two important indexes to measure the performance of the feature
selection algorithm. The number of iterations refers to the times of subset generated and evaluated during the feature selection
process. And classification accuracy is the recognition rate obtained by C4.5 decision tree algorithm using 10 fold cross valida-
tion. The fewer the number of iterations and the higher the classification accuracy, the better the performance of the algorithm.
Table 2 compares the proposed algorithm with the filter algorithm, the wrapper algorithm and the hybrid algorithm with MC-SVM.
Experiments are performed using the same 10 sets of data sets as section 3.1. The number of iterations in the feature selection
process and the classification accuracy obtained by C4.5 decision tree algorithm are calculated and shown in Table 2.

As shown in Table 2, the number of iterations of filter algorithm is generally few, which indicates that the computational complex-
ity of filter algorithm is low, however the classification accuracy of the feature subset selected by the filter algorithm is lower than

Table 1. Comparison of the number of features after reducing by four algorithms

1 Diabetes 9      768  3 4  5 1
2 Iris 5      150 2 2 2 1
3 Glass 10      214 7 3 4 8
4 Breast-cancer 10      286 7 3 3 4
5 Hungarian 14      294 2 1 1 5
6 Monks 7     122 2 2 2 2
7 Heart-statlog 14     270 3 3 3 3
8 Hepatitis 20     155 6 2 2 5
9 Labor 17      57 2 1 3 11
10 Credit-g 21    1000 4 3 5 8

Mean 12.7    331.6 3.8 2.4 3 4.8

Data Set
Number of
initial fea-
tures

Number
of

samples

Number of features after reducing

Filter Wrapper
Hybrid

-DT
Fybrid

-MC-SVM
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other algorithms broadly. The number of iterations and classification accuracy of wrapper algorithm are higher than the filter
algorithm. The hybrid algorithm with DT has slightly more iterations than filter algorithm, but the classification accuracy of hybrid
algorithm with DT is higher in most data sets and the maximum accuracy is improved by about 10.5%. Compared with the wrapper
algorithm, the hybrid algorithm with DT possesses higher classification accuracy on the basis of maintaining less iterations in
Diabetes and Credit-g; In Iris, Monks and Heart-statlog, two algorithms have the same accuracy, but the number of iterations of
the hybrid algorithm with DT is significantly reduced and the maximum decline is about 49%; And in Glass and Labor, the number
of iterations is slightly more, but the classification accuracy of the hybrid algorithm with DT is significantly improved and the
maximum increase is about 8.8%, indicating that the overall performance of the hybrid algorithm with DT is better than the filter
algorithm and the wrapper algorithm.

Compared with the hybrid algorithm with MC-SVM, the average number of iterations of the hybrid algorithm with DT is not only
less, but the classification accuracy is higher. In Diabetes and Credit-g, the hybrid algorithm with DT possesses higher classifi-
cation accuracy on the basis of maintaining less iterations and the maximum decline of iterations is 57.6%; In Iris, Heart-statlog
and Labor, two algorithms have the same accuracy, but the number of iterations of the hybrid algorithm with DT is significantly
reduced and the maximum decline is about 58.3%; In Breast-cancer, Hungarian and Hepatitis, the classification accuracy of the
hybrid algorithm with DT is slightly lower, but the number of iterations is significantly decreased and the maximum decline is
about 67.8%; And in Glass, the number of iterations is slightly more, but the classification accuracy of the hybrid algorithm with
DT is improved. The above analyses show that the computational complexity of the hybrid algorithm with DT is generally lower
than the hybrid algorithm with MC-SVM, indicating that the overall performance of the hybrid algorithm with DT is better than the
hybrid algorithm with MC-SVM.

We can see from the mean that the computational complexity of wrapper algorithm is nearly three times than filter algorithm and
the accuracy of wrapper algorithm is improved by about 0.23%. However, compared with the wrapper algorithm, the hybrid
algorithm with DT is computationally cheaper and the accuracy is improved by about 2.02%, which is nearly 9 times than the
former, indicating that the hybrid algorithm with DT performs better. In addition, the standard deviation shows that the fluctuation
of classification accuracy obtained by the hybrid algorithm with DT in different data sets is the smallest, which indicates that the
stability of the hybrid algorithm with DT is better. To sum up, The hybrid algorithm with DT combines the advantages of filter
algorithm and wrapper algorithm, possessing higher classification accuracy in the case of ensuring less iterations, and is proved
to be a good algorithm in the field of classification.

Diabetes 8 31 28 30 74.6094 75.1302 75.9115 70.8333
Iris 4 9 8 11 96.0000 96.0000 96.0000 96.0000
Glass 9 33 36 34 69.6262 69.6262 74.2991 71.4953
Breast-cancer 9 33 37 52 75.5245 75.8741 75.8741 76.5734
Hungarian 13 25 38 118 81.2925 81.2925 81.2925 84.6939
Monks 6 15 12 12 93.4426 93.4426 93.4426 93.4426
Heart-statlog 13 49 25 26 85.1852 85.1852 85.1852 85.1852
Hepatitis 19 56 65 73 83.8710 85.1613 85.1613 87.7419
Labor 16 31 40 96 78.9474 80.7018 89.4737 89.4737
Credit-g 20 77 53 125 74.6000 73.0000 76.7000 76.1000
Mean 11.7 35.9 34.2 56.2 81.3099 81.5414 83.3340 83.1539
Standard deviation 5.1390 18.9971 16.3205 40.6228 8.0626 8.0618 7.4001 8.4803

Filter Wrapper Hybrid Hybrid     Hilter Wrapper     Hybrid         Hybrid
-DT -MC-SVM      -DT       -MC-SVM

Number of Iterations Classification Accuracy

Table 2. Number of iterations and classification accuracy



Journal of Intelligent Computing   Volume   9   Number   3    September    2018 100

4. Conclusion

In this paper, a Filter-Wrapper hybrid feature selection algorithm based on information gain and SFFS with Decision Tree is
proposed. The experiments prove that the hybrid algorithm improves the computational efficiency of feature selection process
and obtains higher classification accuracy. Combining the filter algorithm with the wrapper algorithm, the candidate feature
subset is acquired by using the independent measure method based on information gain, and then the SFFS search method and
the decision tree mining algorithm are employed to obtain the final optimal feature subset. The hybrid algorithm takes advantages
of both the fast calculation of filter algorithm and the high classification accuracy of wrapper algorithm, and is proved to be a
feature selection algorithm with better performance. However, the method does not take fully into account the correlation among
features. Therefore, it is worthy to study how to improve the correlation of features by combining other correlation measurement
methods in the case of maintaining high accuracy.

References

[1] Sankar, K. V., Uma, D. S., Subin, P. S., et al. (2014). A literature review on DataMining, International Journal of Research in
Computer Applications & Robotics, 2 (7) 95-101.

[2] Liu, H., Yu, L. (2005). Toward integrating feature selection algorithm for classification and clustering, IEEE Transactions on
Knowledge & Data Engineering,  17 (4) 491-502.

[3] Dash, M., Liu, H. (1997). Feature selection for classification, Intelligent Data Analysis, 1, (3)131-156.

[4] Spolaôr, N., Cherman, E. A., Monard, M. C., et al. (2012). Filter approach feature selection methods to support multi-label
learning based on ReliefF and information gain, Lecture Notes in Computer Science, p. 72-81.

[5] Cateni, S., Colla, V. (2015). Improving the stability of sequential forward variables selection, In: 15th International Conference
on Intelligent Systems Design and Applications Isda, p 488-962.

[6] Zhang,  Y., Wang, S., Phillips,  P., et al. (2014). Binary PSO with mutation operator for feature selection using decision tree
applied to spam detection, Knowledge-Based Systems, 64, p. 22-31.

[7] Liu, H., Jiang, H., Zheng, R. (2016). The hybrid feature selection algorithm based on maximum minimum backward selection
search strategy for liver tissue pathological image classification, Computational & Mathematical Methods in Medicine, 23, p. 1-
9.

[8] Shannon, C. E. (1948).  A mathematical theory of communication, Bell System Technical Journal, 27, p. 379-423, 623-656.

[9] Tang, Z., Lu,  Z., Jiang, B., et al. (2013). Entropy-Based importance measure for uncertain model inputs, Aiaa Journal, 51 (10)
p. 2319-2334.

[10] Ong, B. Y., Goh, S. W., Xu, C. (2015). Sparsity adjusted information gain for feature selection in sentiment analysis, IEEE
International Conference on Big Data, p 2122-2128.

[11] Xu,  J., Jiang, H. (2015). An improved information gain feature selection algorithm for SVM text classifier, International
Conference on Cyber-Enabled Distributed Computing and Knowledge Discovery,  p. 273-276.

[12] Liogien, T., Tamulevi ius, G. (2015). SFS feature selection technique for multistage emotion recognition, IEEE Information,
Electronic and Electrical Engineering, p.1-4, 2015.

[13] Liogien, T., Tamulevi ius, G. (2017). Multi-Stage recognition of speech emotion using sequential forward feature selection,
Electrical Control & Communication Engineering, 10, p. 35-41.

[14] Pudil, P., Novovi ová, J., Kittler, J. (1994). Floating search methods in feature selection, Pattern Recognition Letters, 15 (11)
p.1119-1125.

[15] Schenk, J., Kaiser, M., Rigoll, G. (2009). Selecting features in on-line handwritten whiteboard note recognition:SFS or SFFS,
IEEE. International Conference on Document Analysis and Recognition, p.1251-1254.

[16] Baker, M. C., Kerr, A.S., Hames, E., et al. (2012). An SFFS technique for EEG feature classification to identify  sub-groups,
International Symposium on Computer-Based Medical Systems,  p.1-4.



                    Journal of Intelligent Computing   Volume   9   Number   3     September   2018          101

[17] Rajalakshmi, N., Lakshmi, P. V. (2015). MRI brain image classification—a hybrid approach, International Journal of Imaging
Systems & Technology, 25 (3)  226-244.

[18] Frank, A., Asuncion,  A. (2011).  UCIrvine machine learning repository, http://archive.ics.uci.edu/ml.

DING Jianli, was born in 1963. He received his PhD degree from Nankai University, China. Now he is a Professor in Civil aviation
University of China, Tianjin, China. His research interests include intelligent information processing, big data mining in civil
aviation, intelligent algorithm and application of civil  aviation.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /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 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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 for quality printing on desktop printers and proofers.  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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


