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Abstract—Breast cancer is the second most common cancer
(after lung cancer) that affect women both in the developed
and less developed countries. Nowadays, using the Computer
Aided Diagnosis (CAD) techniques becomes a necessity for
several reasons: assisting and improving physicians, speed in data
processing, harmonization and aid of diagnosis, better access
to advanced online-medicine. Recently, several works about
Breast Cancer Computer Aided Diagnosis (BC-CAD) have been
published, and Neural Networks techniques, particularly deep
architectures represent a significant part of these works. In this
paper, we prpose a BC-CAD based on joint variable selection
and a Constructive Deep Neural Network ”ConstDeepNet”. A
feature variable selection method is applied to decrease the
number of inputs used to train a Deep Learning Neural Network.
Experiments have been conducted on two datasets, the Wisconsin
Breast Cancer Dataset (WBCD) and real data from the north
hospital of Belfort (France) to predict the recurrence score of the
Oncotype DX. Consequently, the use of joint variable algorithm
with ConstDeepNet outperforms the use of the Deep Learning
arechitecture alone.

Index Terms—Tumor detection, clinical data, breast cancer,
deep learning neural networks, classifier, feature selection.

I. INTRODUCTION

According to World Health Organization (WHO), cancers

remain the leading cause of death in France: they are respon-

sible for nearly 150,000 deaths each year. Breast cancer is the

first cancer of women in France and represents a public health

problem, 54,000 new cases were diagnosed in 2015 in France.

A 5-year net survival improved to 87% for patients diagnosed

between 2005 and 2010 [1]. This is partly due to improved

treatment and screening by mammography. Confirmation of

the diagnosis is made by examining a fragment of the tissue

by biopsy and microscopic analysis by a pathologist. Tumors

are classified on the one hand following histological criteria

and also thanks to immune-histochemical biomarkers which

are prognostic factors of the tumor. The World Health Orga-

nization (WHO) classification of breast tumors defines 21 en-

tities. Indeed, the pathologist provides a phenotypic immune-

histochemical and morphological characterization. Thus, the

different types of cancer are classified by their signatures

are determined several types (luminal A, luminal B, BASAL

LIKE, HER 2) which are attached to the classification WHO.

For several years, the use of the molecular characteristics of

tumors makes it possible to improve this classification thus

conditioning the tumor prognosis. Expression profile produc-

tion requires sophisticated technology reserved for specialized

centers. Among the sophisticated technologies, bioinformatics,

more precisely neural networks and Deep Learning has been

so far applied to Biological Data [2], [3], [4], [5].

BREAST cancer diagnosis is usually performed by doctors

based on Digital Mammography (DM) or on Medical Images

(MI). In order to assist doctors to process big amount of

images for different patients, Breast Cancer Computer Aided

Diagnosis (BC-CAD) is becoming, nowadays, an appealing

area of research. The techniques used for the BC-CAD de-

pends whether the input data are medical images or not:

• BC-CAD using digital medical images: the diagnosis is

based on numerical medical images processing such as

histopathology or ultrasound images. In this case, image

techniques are used for the pre-processing, segmentation

and feature extraction step. More details about these

techniques are given by three recently published review

papers [6], [7], [8], [9]. One of the main problems of

these breast cancer analyses is that the dataset used to

train and to test the classifiers are too small and very

hard to obtain. Three public datasets used by most of the

scientists are available in [10], [11], [12].

• BC-CAD without digital medical images: other infor-

mation can also be used for the BC-CAD. These data

are obtained from the medical analysis as biopsy or

biomarkers, or from more general information such as

the age of the patient. Most of the literature methods are

tested on the Wisconsin Breast Cancer Dataset (WBCD)

taken from the University of California at Irvine (UCI)

machine learning repository [13],

Feature selection is an important step in the BC-CAD. The

first interest of this technique is to select the most important

and significant features to improve the diagnosis. In the two

techniques of medical diagnosis (BC-CAD with and without

medical images), several features can be considered and often

the doctors do not know which one is more significant than

others. The second goal for the feature selection is to reduce

the size of the input data when using machine learning

algorithms.

In this paper, we intend to propose a BC-CAD perform-
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ing jointly the optimization variable selection step with the

application of a Constructive Deep learning Neural Network.

Therefore, in section 2, a short review on related works on BC-

CAD is given. While in sections 3 we present the constructive

deep learning neural network methodologies and the variable

selection procedure used to breast cancer diagnosis. Datasets

and knowledge Extraction Procedure will be presented and

discussed in section 4. Finally, in section 5, results and

discussions are presented. The last section gives conclusions

and further works.

II. RELATED WORKS

A. BC-CAD based on image processing

For the BC-CAD based on image processing, Deep Con-

volutional Neural Network (DCNN) is the mostly used neural

network architecture in recent publications [14], [15], [16],

[17], [18], [19], [20], [21], [22], [23], [24], [25], [26], [27],

[28], [29], [30], [31]. Deep Convolutional Neural Networks

are used in several tasks specially in image classification

and face recognition [32]. DCNNs are composed by several

layers trained with supervised procedure to learn a complex

model. They are able to automatically extract visual features

from the pixel-level content such as edges and to identify

complex visual concepts. Other NN architectures are used

in some comparative studies such as [33], [34]. In [33],

four types of NN (a multilayer perceptron (MLP), a 10-layer

feedforward neural network and two types of SVM classifiers)

were compared for malignancy grading classification from fine

needle aspiration biopsy (FNA) images. Three classes were

considered based on Bloom–Richardson grade distribution:

Grade 1, 2 and 3 according to the risk low, intermediate

and high malignancy. The best performances were obtained

by the MLP while the 10-layer feedforward neural network

is supposed having better classification performances. In [34]

four classification models were compared namely, the mul-

tilayer perceptron (MLP) using back-propagation algorithm,

probabilistic neural network (PNN), learning vector quantiza-

tion (LVQ), and support vector machine (SVM). The results

for malignancy diagnosis of cytological images shows that

the best classifier is PNN, followed in order by SVM, LVQ,

and MLP. SVM classifiers were used in [35] for malignancy

diagnosis for breast cancer histopathology images and in [36]

for breast ultrasound images. In [37], an adaptive gradient

descent (AGD) algorithm based on variable learning rate is

used for malignancy diagnosis classification of breast tumors

ultrasound images.

B. BC-CAD based on other techniques

The second way to diagnosis the breast cancer is to study

various pathological/biological aspects of the tumor that pro-

vide prognostic and predictive information. These include,

for example, some surgical pathology (biomarkers) as the

tumor type, tumor size, tumor grade and lymph node status or

more general aspects as post-surgical measurements, personal

data, and type of treatment [38]. A literature review showed

that many types of Neural Networks are used as pattern

recognition. Three comparison studies on the WBCD dataset

were made by [39], [40] and [41]. In [40], the Support Vector

Machine (SVM) gives the highest accuracy comparing to De-

cision Tree algorithm, Naive Bayes (NB) and k-Nearest Neigh-

bours (k-NN). Learning Vector Quantization performs better

results in comparison with the Back-Propagation Algorithm

in [42]. Support Vector Machines (SVM) was used in [43],

[40], [44]. The obtained results by [43] indicates that SVM

can be effectively used for breast cancer diagnosis to help

oncologists in order to decide which women should participate

in a screening program and which should not. In [40], a BC-

CAD based on a SVM classifier with F-score technique for

feature selection was tested in the WBCD dataset. The best

diagnosis model was obtained with five input features instead

of nine. The F-score method is a simple technique which

measures the discrimination of two sets of real numbers [45].

It was also used by [44] to evaluate the importance of five

DNA viruses affecting the breast tumor. The diagnosis was

performed by a SVM and the results shows that the accuracy

of the SVM is slightly superior to the accuracy of a linear

discriminate analysis. In [41], an Association Rules Neural

Network (AR + NN) method is proposed for WBCD breast

cancer diagnosis problem.

III. THE CONSTRUCTIVE DEEP NEURAL NETWORK

A Deep Multi Layer Perceptron with m hidden layers is

formally described with two parameters (Λ,Φ). Λ is a vector

that gives the number of neurons nl for each layer l : Λ =(
n0, n1, ..., nl, ..., nm, nm+1

)
, where l = 0 and

l = m+1 are respectively the input and the output layers, l = 1
to m are the m-hidden layers. Φ is the weight connections

vector: Φ =
(
W 1, W 2, ..., W l, ..., Wm+1

)
. Each

component W l of this vector is the weight connection matrix,

and each element wl
ij of W l is the weight connection between

the ith neuron of the layer l and the jth neuron of the

layer l− 1. The proposed Constructive Deep Neural Network

(ConstDeepNet) is a Deep Neural Network architecture that

evolves gradually during the training process [46]. Let the

size of the hidden layer l at the step t be denoted by nt
l . To

avoid infinite loop in the constructive process, two parameters

must be defined: MaxHL and Maxn used to set respectively

the maximum number of hidden layers and the maximum

number of neurons per layer allowed by the user considered

as thresholds.

The convergence condition (ConvCond) of the ConstDeep-

Net algorithm is based on quantitative criteria taken from the

confusion matrix. This matrix contains information about the

actual and the predicted classifications. True Positive (TP) val-

ues are the number of Positive classification correctly classified

as Positive, True Negative (TN) values represent the number of

Negative classifications correctly classified as Negative, False

Positive (FP) values are the number of Negative classifications

incorrectly classified as Positive, False Negative (FN) values

represent the number of Positive classification incorrectly

classified as Negative. Based on these values, three metrics

are calculated:
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• Accuracy : Acc = TP+TN
TP+TN+FP+FN

• Precision or Positive Predictive Value (PPV) : PPV =
TP

FP+TP
• Sensitivity or True Positive Rate (TPR) : TPR =

TP
TP+FN

As usually known in the community of learning machine,

the reduction of the input variables is a useful operation. It

has a great impact on the computing time and on the accuracy.

In this paper, a variable STRASS algorithm [47] and the

mRMR algorithms [48] are used. The Whole STRASS feature

selection process is presented by the algorithm 2.

IV. THE DATASET

A. The Wisconsin-Madison breast cancer data set

The data set consist of 699 samples that were collected by

Dr. W. H. Wolberg at the University of Wisconsin-Madison

Hospitals taken from needle aspirates from human breast can-

cer tissue [49]. The Wisconsin-Madison breast cancer data set

consists of nine features obtained from fine needle aspirates.

Algorithm 1 : The ConstDeepNet Algorithm

Step t = 0,

initialize the NN (one HL with one neuron),

let l = 1, the index of the 1st hidden layer HL(l),

//Begin the constructive procedure:

While (Constructive Process)

// Evaluate the performances of the Deep Neural Network

// on the training Set

If (Acc > θ and PPV > θ and TPR > θ) then

ConvCond = True

Else

ConvCond = False

End

if l > MaxHL and ConvCond = False then

The Deep Neural Network is NOT successfully built

End of the Constructive Process

End

if ConvCond = True :

The Deep Neural Network is successfully built

End of the Constructive Process

End

If nt
l ≤ Maxn and ConvCond = False then

add a new neuron (nt+1
l = nt

l + 1) for HL(l),

initialize randomly all the new weights,

End

If nt
l > Maxn and l ≤ MaxHL and ConvCond = False then

add a new hidden layer (l = l + 1) with one neuron,

initialize randomly all the new weights,

End

Update the weights W l of the HL(l)

if Deep Neural Network is succesfuly built

fine tuned of the last layer W l+1

End

END

The features are Clump thickness, Uniformity of cell size,

Uniformity of cell shape, Marginal adhesion, Single epithelial

cell size, Bare Nuclei, Bland Chromatin, Normal nucleoli,

Mitoses, each of which is ultimately represented as an integer

value between 1 to 10.

B. Recurrence Score (RS) prediction of the Oncotype DX
(ODX)

The specific prognosis and treatment of the more and less

aggressive breast tumors, is usually performed with Oncotype

DX (ODX) gene expression assay [50]. The ODX is a com-

mercial assay developed by the Genomic Health Inc (GHI)

to determine the expression of a panel of 21 genes in tumor

tissue [51], [52]. The result is reported as a Recurrence Score

(RS) ranging from 0 to 100, divided into three categories:

class 1 for low-risk (RS < 18 ), class 2 for the intermediate-

risk (18 ≤ RS < 31), and class 3 for the high-risk

(RS ≥ 31). In general, the more aggressive cancers (high-risk)

require adjuvant chemotherapy while the more benign (low-

risk) respond well to hormonal therapy alone. However, the

Algorithm 2 : The STRASS Algorithm

Input:
E : the whole set of pairs,

So = x1, . . . , xr : the set of features

DCtot = DC(So, E) :DC of So

ρ : threshold for loss of DC

Output:
Sf : selected features,

Initialize Sf to φ

1. Selection of strongly predominant features
For each xk ∈ Sodo

if DCG(xk, So–{xk}, E) > 0 then

Sf = Sf + {xk}
So = So \ {xk}

end

end

Update E, as E = E \ {discriminated pairs}
2. Selection of the remaining weak relevant features

While DC(Sf , E) < ρ ∗DCtot do

DCmax = 0

For each xk ∈ So do

if DC(xk, E) > DCmax then

DCmax = DC(xk, E)

xmax = xk

end

end Sf = Sf + {xmax}
So = So \ {xmax}

end

Update E, as E = E \ {discriminated pairs}
3. Elimination of redundant features

For each xk ∈ So do

if DC(Sf \ {xk}, E) = DC(Sf , E) then

Sf = Sf \ xk

end

end
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TABLE I
INPUT FEATURE SELECTION RESULTS OBTAINED BY THE STRASS AND

THE MRMR ALGORITHM FOR THE WISCONSIN-MADISON DATA SET

All the features SRASS mRMR

Clump thickness Yes Yes
Uniformity of cell size No Yes

Uniformity of cell shape No No

Marginal adhesion Yes No

Single epithelial cell size Yes Yes
Bare Nuclei Yes Yes

Bland Chromatin No Yes
Normal nucleoli Yes Yes

Mitoses Yes No

Oncotype DX tends to be expensive, the laboratory facilities

with specialized equipment are limited and the time between

biopsy and prognostic prediction can be very high.

The study data set contains 90 cases carcinoma mammary

luminal B with available Oncotype DX test results from 2012

to 2017 taken from the Georges Francois Leclerc cancer centre

and the North Trévenans County Hospital located respectively

in Dijon and Belfort in France. The Recurrence Score is

calculated from a set of ten input features: the age, the

tumor size, the ganglionic status, four different tumor grading

information, the Estrogen Receptor (RE), the Progesterone

Receptor (RP) and ki67. According to the RS, three classes

were formed: class 1 for the low risk with 40 cases, class 2

for the intermediate risk with 38 cases and class 3 for the high

risk with 12 cases. The first half of the data set were used for

the training process, and the second half for the test.

V. RESULTS AND DISCUSSION

A. The Wisconsin-Madison breast cancer data set

The constructive deep learning neural network has been

trained on the Wisconsin-Madison breast cancer data set in two

steps. In a first attempt, the ConstDeepNet, has been applied

without the STRASS variable structure. The obtained results

are given in Table II. The accuracy is about 96%, a cross

validation has been performed with k=5. In a second attempt

the ConstDeepNet has been applied with the STRASS and

mRMR variable structure (table I), and the obtained results

are given in table III. The obtained accuracy is about 96%

with the same cross validation procedure with k=5. At each

new run of the algorithm, and since all the synaptic coefficients

are randomly fixed, a new architecture in terms of number of

hidden layers and number of neurons in each hidden layer is

obtained.

Here in all the experiments, we have only one output which

takes 1 or 0 respectively when the patient has cancer the output

is 1, if not the output is zero. By these experiments, one should

retain that the use of a variable structure algorithm in order

to decrease the number of inputs is very useful. From table

II and table III, we have almost the same results in terms of

accuracy. This input reduction of 33% is of great importance

TABLE II
RESULTS ON THE WISCONSIN-MADISON DATA SET WITHOUT INPUT

REDUCTION

N.N Architecture Accuracy

9 / 27 / 27 / 24 / 16 / 1 0.950 ± 0.012

9 / 34 / 23 / 17 / 1 0.963 ± 0.016

9 / 50 / 19 / 1 0.969 ± 0.008

9 / 37 / 39 / 24 0.964 ± 0.011

TABLE III
RESULTS ON THE WISCONSIN-MADISON DATA SET WITH THE STRASS

AND MRMR INPUT REDUCTION

Accuracy
N.N Architecture STRASS mRMR

6 / 20 / 36 / 30 / 1 0.959 ± 0.007 0.960 ± 0.007

6 / 39 / 26 / 16 / 1 0.962 ± 0.010 0.963 ± 0.008

6 / 37 / 24 / 1 0.959 ± 0.012 0.966 ± 0.014

6 / 50 / 30 / 1 0.962 ± 0.014 0.963 ± 0.021

TABLE IV
INPUT FEATURE SELECTION RESULTS OBTAINED BY THE STRASS AND

THE MRMR ALGORITHM FOR THE ONCOTYPE DX PREDICTION

All the features SRASS mRMR

Age Yes Yes
Tumor Size Yes Yes

Ganglionic Status Yes No

SBR Grade Yes No

Glande Grade No Yes
Nuclei Grade No No

Mitosies Grade Yes Yes
Estrogen Receptor (RE) Yes Yes

Progesterone Receptor (PR) Yes Yes
ki67 No Yes

in computation time and in cost, because the doctors have to

record only six measures instead of nine on each patient.

B. Recurrence Score (RS) prediction of the Oncotype DX
(ODX)

Table IV gives the features selected by the STRASS and the

mRMR. The figure 1 presents the comparison results obtained

for each class and for each metric (Acc, PPV, TPR). Different

convergence conditions of the ConstDeepNet algorithm were

tested by varying the values of the threshold θ from 0,1 to

0,9. To evaluate the repeatability of the algorithm, each test

point θ of the figure 1 gives the mean value obtained by

running the ConstDeepNet algorithm 100 times. The red plots

present the results obtained with all the input features, the

blue and the green plots the results with the input features

selection obtained by respectively the STRASS and the mRMR

algorithm. The objective to reach for a good classifier is

to reduce the size of the False Positive and False Negative

population. This means that the metric value must be close

to one. For example, if PPV = 0.5 means that for each one
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Fig. 1. The obtained results for the Recurrence Score (RS) prediction of the Oncotype DX (ODX). The three metrics (Accuracy, Positive Predictive Value
(PPV) and True Positive Rate (TPR) ) are calculated for each class (grade) according to the variation of the convergence threshold θ. Red plot: results obtained
with all the features. Blue plot: results obtained with the features selected by the STRASS algorithm. Green plot: results obtained with the features selected
by the mRMR algorithm.

True Positive there is one False Positive prediction, and if

PPV > 0.5 means that there is more True than False Positive

prediction. As for the previous data set, the accuracy of the

Recurrence Score prediction obtained with less input features

is almost the same with all the features. The input reduction

of 30% is a great importance in the reduction of the clinical

investigations costs.

VI. CONCLUSION

This paper deals with a new joint variable selection and

constructive deep learning neural network algorithm used to

the diagnosis of breast cancer disease. The reduction of clinical

variables by STRASS and mRMR selection variable algorithm

leads a drastically computing time and medical cost investiga-

tions. As a future works, we are working on using more data

sets of patients to test the proposed joint algorithm. Moreover,

we intend to compare this joint algorithm with another joint

neural network linked with a pruning and growing standard

algorithm rather than deep learning algorithm.
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[31] D. C. Cireşan, A. Giusti, L. M. Gambardella, and J. Schmidhuber,
Mitosis Detection in Breast Cancer Histology Images with Deep Neural
Networks. Berlin, Heidelberg: Springer Berlin Heidelberg, 2013, pp.
411–418.
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Riesgo, “Artificial neural networks applied to cancer detection in a breast
screening programme,” Mathematical and Computer Modelling, vol. 52,
no. 7, pp. 983 – 991, 2010, mathematical Models in Medicine, Business
& Engineering 2009.

[44] C.-L. Huang, H.-C. Liao, and M.-C. Chen, “Prediction model building
and feature selection with support vector machines in breast cancer
diagnosis,” Expert Systems with Applications, vol. 34, no. 1, pp. 578
– 587, 2008.

[45] Y.-W. Chen and C.-J. Lin, Combining SVMs with Various Feature
Selection Strategies. Berlin, Heidelberg: Springer Berlin Heidelberg,
2006, pp. 315–324.

[46] R. Zemouri, “An evolutionary building algorithm for deep neural net-
works,” in 2017 12th International Workshop on Self-Organizing Maps
and Learning Vector Quantization, Clustering and Data Visualization
(WSOM), June 2017, pp. 1–7.

[47] B. Chebel-Morello, S. Malinowski, and H. Senoussi, “Feature selection
for fault detection systems: application to the tennessee eastman pro-
cess,” Applied Intelligence, vol. 44, no. 1, pp. 111–122, Jan 2016.

[48] X. V. Nguyen, J. Chan, S. Romano, and J. Bailey, “Effective global
approaches for mutual information based feature selection,” in Proceed-
ings of the 20th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, ser. KDD ’14. New York, NY, USA:
ACM, 2014, pp. 512–521.

[49] M. Lichman, “UCI machine learning repository,” 2013.
[50] e. a. M.B. Flanagan, D.J. Dabbs, “Histopathologic variables predict

oncotype dx recurrence score.” Mod Pathol,, vol. 21, no. 10, pp. 1255–
1261, Oct. 2008.

[51] M. E. Klein, D. J. Dabbs, Y. Shuai, A. M. Brufsky, R. Jankowitz, S. L.
Puhalla, and R. Bhargava, “Prediction of the oncotype dx recurrence
score: use of pathology-generated equations derived by linear regression
analysis,” Modern Pathology, Nature Publishing Group, vol. 26, p.
658–664, 2013.

[52] F. O. Ademuyiwa, A. Miller, T. O’Connor, S. B. Edge, M. A. Thorat,
G. W. Sledge, E. Levine, and S. Badve, “The effects of oncotype dx
recurrence scores on chemotherapy utilization in a multi-institutional
breast cancer cohort,” Breast Cancer Research and Treatment, vol. 126,
no. 3, pp. 797–802, Apr 2011.

 2018 IEEE 4th Middle East Conference on Biomedical Engineering (MECBME)

164 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /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 <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. 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 PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


