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Abstract—There is still an urgent need of finding a math-
ematical model which can provide an accurate relationship
between the software project effort/cost and the cost drivers.
A powerful algorithm which can optimize such a relationship
via developing a mathematical relationship between model
variables is urgently needed. In this paper, we explore the use
of GP to develop a software cost estimation model utilizing the
effect of both the developed line of code and the used method-
ology during the development. An application of estimating
the effort for some NASA software projects is introduced.
The performance of the developed Genetic Programming (GP)
based model was tested and compared to known models in the
literature. The developed GP model was able to provide good
estimation capabilities compared to other models.

Keywords-Software Cost Estimation; Software Engineering;
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I. INTRODUCTION

A software project manager should be able to accurately

estimate the overall project costs, duration, required man

power and schedule [1]. He must be able to fairly distribute

the resources over time such that the project could be

finished on time and within budget. It was found that there

are many similarities between the process of managing

project resources and system modeling. In system modeling

we need to develop some sort of a relationship between the

system input and output such that the system function is

approximated in a form of a model. The model can be used

for simulation and performance evaluation of the original

system under various operating conditions. In project man-

agement, the manager need to collect enough data about

various attributes which affect the quality and the cost of a

project. These collected data helps in developing a plan or a

model for cost distribution over various phases of a project.

The developed model can be calibrated in each phase of the

project to meet the project goals, the quality of the product

and the available resources.

A. Software effort estimation

Software effort estimation process has a similar nature

since it is part of project management. In this case, the

objective is to develop a sort of relationship between the

expected Developed (DL) Line Of Code of a project as

an input variable and the expected effort required to im-

plement this project in man-month. A famous effort DL-E

relationship [2], [3] known as the COnstructive COst MOdel

(COCOMO) is give as in Equation 1.

E = a(DL)b (1)

The DL include all program instructions and formal

statements [4]. The values of the parameters a and b depend

mainly on the class of software project. Software projects

were classified based on the complexity of the project into

three categories. They are: 1) Organic 2) Semidetached

and 3) Embedded. COCOMO model was first provided by

Boehm [2], [5]. This model was built based on 63 software

projects. The model helps is defining mathematical equations

that identify the the cost, schedule and quality of a software

product. The estimation accuracy is significantly improved

when adopting models such as the Intermediate and Com-

plex COCOMO models [2]. Extensions of COCOMO, such

as COMCOMO II, can be found in [3].

Typical models for software effort estimation are given

in Table I. These models have been derived by studying

large number of completed software projects from various

organizations and applications to explore how project sizes

mapped into project effort.

Table I
KNOWN EFFORT ESTIMATION MODELS.

Model name Model equation

Halstead E = 5.2(DL)1.50

Walston-Felix E = 0.7(DL)0.91

Bailey-Basili E = 5.5 + 0.73(DL)1.16

Doty (for DL > 9) E = 5.288(DL)1.047

B. Previous Work

In the past, most of the proposed models used to solve

the software cost estimation modeling problem are linear in

nature. It was found that dealing with a linear model makes

it easier to use techniques such as least square estimation
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(LSE) or Instrumental Variable method to identify the pa-

rameters of the given model. In the other case, if the actual

model is nonlinear, attempting to approximate this structure

with a linear model cannot guarantee the accuracy of the

model. In solving the software cost estimation problem, it

is important to develop models using a small number of

measurements and in the presence of measurement noise.

Recently, many questions were introduced about the ap-

plicability of using Soft Computing and Machine Learning

Techniques to solve the effort and cost estimation problem

for software systems. In [6], author presented a detailed

study on using number of techniques such as genetic pro-

gramming and neural networks to estimate software project

effort. Author concluded that GP can perform well on han-

dling such a problem. In [7], author provided an innovative

set of models modified from the famous COCOMO model

with interesting results. Later on, many authors explored the

same idea with some modification [8]–[11] and provided a

comparison to the work presented in [7]. In [12], author used

Particle Swarm Optimization (PSO) to tune the parameters

of the famous COnstructive COst MOdel (COCOMO). They

also explored the advantages of Fuzzy Logic to build a set

of linear models over the domain of possible software Line

Of Code (LOC). The performance of the developed model

was evaluated using NASA software projects data set.

In this paper, an evolutionary approach, Genetic Program-

ming (GP), is used to fit nonlinear models to a dataset

of some NASA software projects, aiming to improve the

prediction of software effort for NASA software projects.

In this paper, Genetic Programming is used to develop

an effort estimation model for software systems due to the

advantages of GP as provided in Section II-A. The theoreti-

cal foundations of genetic programming are summarized in

[13].

In the following Section II, GP is introduced briefly. The

experiment setup and control parameters for the application

of GP in evolution of software development effort estimation

programs is discussed in Section III and the developed

results in Section IV. This includes data preparation, GP

details and results obtained. A comparison of related devel-

oped results are presented in Section V. Section VI draws

the conclusions and future work.

II. GENETIC PROGRAMMING

Genetic programming (GP) is an evolutionary compu-

tation (EC) technique that automatically searches for an

optimal solution of a problem without requiring the user

to know or specify the form or structure of the solution

in advance [14], [15]. GP technique has been successfully

applied to solve large number of difficult problems, such as

modeling of industrial processes [16], [17], forecasting of

river flow [18] and image reconstruction [19].

A. Strengths of GP

Evolutionary algorithms have been found ’experimentally’

efficient in finding solutions to the Modeling problems. GP

is considered one of the evolutionary algorithms that hold

all advantage offered by evolutionary algorithms and adds

several more. The advantages offered by GP for Modeling

can be summarized as:

• GP is a global search technique that makes use of

hyper plane search which, makes it less likely to get

stuck in the local optimum. This is different from

other techniques such as neural networks and gradient

descent which are prone to local optimal values.

• GP has the benefits of variety in solution structures

unlike most of the evolutionary algorithms that has

fixed size solutions such as genetic algorithms or fixed

architectures such as neural networks [20].

• GP can automatically eliminate unrelated attributes of

the Modeling problem performing the task of feature

extraction algorithm [20] in which important attributes

can appear near the root while less important ones

would appear deeper in the tree [21].

• GP is able to operate on portion of data to extract

significant rules. There is no need to use all of the

training data to develop models [20].

• GP are like white boxes that clearly sketch the rela-

tionships between attributes, as opposed to many other

black box solutions like neural networks [22].

• GP has the ability to operate upon the data in its original

form. No pre-processing or data transformations are

usually required to apply GP for modeling task.

• GP based evolution is not affected by the data distri-

bution [20]. This is in contrast to the neural networks

which are highly dependent on the data distribution.

This autonomy enables efficient discovery of unknown

knowledge from the data.

B. Representation in GP

In GP, programs are usually represented as a variable sized

tree structure. This type of representation allows a variety

of models to be developed. A tree consists of nodes and

terminals. In every terminal node, there is an operand and in

every node there is a function. Trees can be easily evaluated

in a recursive manner. This way we can evolve mathematical

models in a very simple way such as in programming using

Lisp language [23]. Such a representation is simple and has

been used frequently for the data classification and modeling

problems. A simple tree structure can be presented in Figure

1 as described in Equation (2).

E = 1.7 · DL − ME (2)
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Figure 1. Example of GP tree structure

C. Preparatory Steps of GP

Before applying the Evolutionary Process, as in Figure

(2), four major preparatory steps require to be specified [14],

[15]:

1) The definition of the function and terminal set (prim-

itive set) for a particular problem.

2) Fitness measure for the problem. This specifies what

needs to be done.

3) The control parameters for the run (for example,

population size, max generations and maximum tree

depth).

4) The termination criterion which may include a max-

imum number of generations to be run as well as a

problem-specific optimum solution.

Figure 2. GP evolutionary process

D. Evaluation Criteria

In order to check the performance of the developed

models, two evaluation criteria will be adopted. We compute

the Variance-Accounted-For (VAF) performance criterion

to measure how close the measured values to the values

developed using the fuzzy models. Given that E, Ê are the

actual effort and the estimated effort, respectively. The VAF

is computed as follows:

V AF = [1 −
var(E − Ê)

var(E)
] × 100% (3)

The Mean Magnitude of Relative Error (MMRE) as the

main performance measure was also used in many articles

[12], [24]. MMRE is defined as:

MMRE =
1

N

N∑

i=1

|E − Ê|

|E|
(4)

We will also adopt these two criteria’s for evaluating the

cost estimation models investigated here.

III. EXPERIMENT SETUP AND CONTROL PARAMETERS

GP Setup (Table II) is adapted for modeling the problem

under study. The adopted control parameters are shown in

Table IV and Table V according to [14].

Table II
GP EXPERIMENT SETUP FOR THE EFFORT ESTIMATION PROBLEM

Objective

Find a function of 2 independent variable
[Line Of Code (DL), Methodology(ME)] and
one dependent variable [Effort (E)], in sym-
bolic form, that fits a given Training sample
of the form (DL, ME, E) data points.

Terminal set DL, ME (the independent variables).

Function set +, -, *

Fitness criteria

The fitness is the absolute value of the differ-
ence between the estimated values produced
by GP and the target value of the effort.
(|Ei

Target
− Ei

Estimated
|).

Raw fitness
The sum taken over the fitness cases (N)
(
∑N

i=1
Ei

Target
− Ei

Estimated
)

Standardized fitness
Equals raw fitness divided by the count of
fitness cases.

Hits
Number of fitness cases for which the value
of the dependent variable produced by the
GP comes within 0.001 of the target value.

IV. EXPERIMENTAL RESULTS

Experiments have been conducted on a data set presented

by Bailey and Basili [25] to explore strengthen of the

developed GP based model. The dataset consist of the

following variables:

• Developed Line of Code (DL)

• Methodology (ME) and

• Effort (E) in man-month.

The dataset is presented in Table III. The data was split to

two sets training (i.e. 13 projects) and testing/validation (i.e.

5 projects). We used Lilgp1.1 [26] (C language package for

developing genetic programming applications) to produce

our results. Lilgp is well-known to be a fast, memory

efficient and well documented GP tool that provides support

for several features not typically found in other GP systems,

such as the support of parallel processing.
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Table III
SORTED NASA SOFTWARE PROJECT DATA.

Project No. DL ME Effort E

1 2.1 28 5.0
2 3.1 26 7.0
3 4.2 19 9.0
4 5.0 29 8.4
5 7.8 31 7.3
6 9.7 27 15.6
7 10.5 34 10.3
8 12.5 27 23.9
9 12.8 26 18.9

10 21.5 31 28.5
11 31.1 35 39.6
12 46.2 20 96.0
13 46.5 19 79.0
14 54.5 20 90.8
15 67.5 29 98.4
16 78.6 35 98.7
17 90.2 30 115.8
18 100.8 34 138.3

A. GP Effort Model based DL

The developed GP model should be able to significantly

generalize the computation of the developed effort for all

projects. We run GP to develop a new software effort esti-

mation model. The Lisp expression developed using Lilgp1.1

[26] program is presented in Equation 5 and simplified in

Equation 6.

(∗(−(+(∗1.35730DL)1.75992)(∗1.36186DL))DL) (5)

E = 1.75992 · DL − 4.56 · 10−3DL2 (6)

We run GP with various population sizes (i.e. 1000, . . . ,

9000). The convergence process for all runs were measured

and the best so far curves are presented in Figure (3). It is

shown that all curves convergence to the same optimal value

for the fitness criteria. The rest of the tuning parameters for

the Lilgp experimental setup is given in Table IV. Figures

(4) show the measured and estimated GP effort.

B. GP Effort Model based DL and ME

GP was used to find the model structure which describe

the relationship between the effort and both the developed

line of code and the methodology. We run GP was various

population sizes to explore the possibility of having a good

model structure which better estimate the software effort.

the tuning parameters for the GP evolutionary process is

presented in Table V. The Lisp expression developed using

Lilgp1.1 program is presented in Equation 7 and simplified

in Equation 8. The convergence process for GP is presented

in Figure (5). GP convergence to the best possible model

with a good prediction capabilities. Figures (6) show the

measured and estimated GP effort.

(−(+DLDL)(∗(∗(∗(∗0.022970.02588)ME)DL)ME))
(7)

E = 2 · DL − 0.59 · 10−3ME2 · DL (8)

Table IV
LILGP EXPERIMENTAL SETUP FOR DL BASED MODEL

Parameter Value

Max generations 100
Max tree depth 5
Max tree nodes 11
Initial tree depth 2-4
Crossover rate 0.8
Reproduction rate 0.1
Mutation rate 0.1
selection method fitness overselect
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Figure 3. Convergence of GP with various population sizes for DL
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Figure 4. Measured and Estimated effort Using GP Based DL Model
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Table V
LILGP EXPERIMENTAL SETUP FOR DL-ME BASED MODEL

Parameter Value

Max generations 100
Max tree depth 5
Max tree nodes 13
Initial tree depth 2-5
Crossover rate 0.8
Reproduction rate 0.1
Mutation rate 0.1
selection method fitness overselect
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Figure 5. Convergence of GP with various population sizes for DL-ME
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Figure 6. Measured and Estimated effort Using GP Based DL-ME Model

Table VI
THE COMPUTED PERFORMANCE OF THE DEVELOPED GP MODELS

Model VAF MMRE

DL based Model 96.5538 0.0052
DL-ME based Model 98.2346 0.0039

V. COMPARISON WITH OTHER MODELS

The computed performance of the developed models is

presented in Table VI. The computed VAF is high in the

case of the DL-ME based model and better than the case of

the DL based model. This is an evidence that the inclusion

in the ME as a variable in the modeling process of the effort

enhance the model capabilities to better estimate the effort.

Thus, GP was able to better find the function f which related

the E and both DL and ME, E = f(DL, ME).
In [12], authors presented an extended work on the use of

Soft Computing Techniques to build a suitable model struc-

ture to utilize improved estimations of software effort for

NASA software projects. A comparison between COCOMO-

PSO, Fuzzy Logic (FL), Halstead, Walston-Felix, Bailey-

Basili and Doty models were provided. In Table VII, we

show the MMRE criteria computed overall data set. It is

shown that the GP and the COCOMO based PSO models

have almost similar properties. The FL model is the model

found to provide the minimum MMRE since it consists

of three linear models with various membership functions.

This gives an advantage of the FL model over other effort

estimation models.

VI. CONCLUSIONS AND FUTURE WORK

In this paper we proposed a new model structure to

estimate the software effort for projects sponsored by NASA

using genetic programming. The performance of the de-

veloped GP model was tested on NASA software projects

data presented in [25]. The developed software effort es-

timation model based GP was capable of providing good

effort estimation as compared to other known model in the

literature such as Halstead, Walston-Felix, Bailey-Basili and

Doty models. the consideration of other attributes such as the

Methodology while developing the effort most significantly

improves the model prediction capabilities. GP was able to

provide an advanced mathematical function utilizing the DL

and ME such that the computed effort is more accurate.

REFERENCES

[1] C. F. Kemere. An empirical validation of software cost
estimation models. Communication ACM, 30:416–429, 1987.

[2] B. Boehm. Cost Models for Future Software Life Cycle
Process: COCOMO2. Annals of Software Engineering, 1995.

[3] Barry Boehm and et all. Software Cost Estimation with
COCOMO II. Prentice Hall PTR, 2000.

288 2010 10th International Conference on Intelligent Systems Design and Applications



Table VII
THE COMPUTED MMRE CRITERION FOR ALL MODELS BASED DL ONLY

Model Fuzzy GP COCOMO Walston-Felix Bailey-Basili Halstead Doty
Model Model based PSO Model Model Model Model

MMRE 0.0046 0.0052 0.0074 0.0822 0.0095 0.1479 0.1848

[4] Tim Menzies, Dan Port, Zhihao Chen, Jairus Hihn, and Sherry
Stukes. Validation methods for calibrating software effort
models. In Proceedings of the 27th international conference
on Software Engineering (ICSE’05), pages 587–595, New
York, NY, USA, 2005. ACM Press.

[5] B. Boehm. Software Engineering Economics. Englewood
Cliffs, NJ, Prentice-Hall, 1981.

[6] Martin Lefley and Martin J. Shepperd. Using genetic pro-
gramming to improve software effort estimation based on
general data sets. In GECCO’03: Proceedings of the 2003
international conference on Genetic and evolutionary compu-
tation, pages 2477–2487, Berlin, Heidelberg, 2003. Springer-
Verlag.

[7] A. F. Sheta. Estimation of the COCOMO model parameters
using genetic algorithms for NASA software projects. Journal
of Computer Science, 2(2):118–123, 2006.

[8] Harish Mittal and Pradeep Bhatia. A comparative study
of conventional effort estimation and fuzzy effort estimation
based on triangular fuzzy numbers. International Journal of
Computer Science and Security, 1(4):36–47, 2007.

[9] Harish Mittal and Pradeep Bhatia. Optimization criteria for
effort estimation using fuzzy technique. CLEI ELECTRONIC
JOURNAL, 10(1):1–11, 2007.

[10] Mitat Uysal. Estimation of the effort component of the
software projects using simulated annealing algorithm. In
World Academy of Science, Engineering and Technology,
volume 41, pages 258–261, 2008.

[11] Parvinder S. Sandhu, Manisha Prashar, Pourush Bassi, and
Atul Bisht. A model for estimation of efforts in development
of software systems. In World Academy of Science, Engineer-
ing and Technology, volume 56, pages 148–152, 2009.

[12] Alaa Sheta, David Rine, and Aladdin Ayesh. Development
of software effort and schedule estimation models using soft
computing techniques. In Proceedings of the 2008 IEEE
Congress on Evolutionary Computation (IEEE CEC 2008)
within the 2008 IEEE World Congress on Computational
Intelligence (WCCI 2008), Hong Kong, 1-6 June, pages 1283–
1289, 2008.

[13] W. B. Langdon and Riccardo Poli. Foundations of Genetic
Programming. Springer-Verlag, 2002.

[14] John R. Koza. Genetic Programming: On the Programming
of Computers by Means of Natural Selection. MIT Press,
1992.

[15] Riccardo Poli, William B. Langdon, and Nicholas Freitag
McPhee. A field guide to genetic programming. Pub-
lished via http://lulu.com and freely available at
http://www.gp-field-guide.org.uk, 2008. (With
contributions by J. R. Koza).

[16] A. Hussian, A. Sheta, M. Kamel, M. Telbany, and A. Abdel-
wahab. Modeling of a winding machine using genetic pro-
gramming. In Proceedings of the Congress on Evolutionary
Computation (CEC2000), pages 398–402, 2000.

[17] A. Sheta and J. Gertler. Modeling the dynamics of an au-
tomotive engine using genetic programming. In Proceedings
of the International Symposium on Engineering of Natural
and Artificial Intelligent Systems (ENAIS2001), American
University in Dubai, U.A.E., 2000.

[18] A. Sheta and A. Mahmoud. Forecasting using genetic pro-
gramming. In Proceedings of the 33 rd Southern Symposium
on System Theory, March 19-20, Athens, Ohio, USA, pages
343–347, 2001.

[19] Alaa. S. Al-Afeef. Image reconstructing in electrical capac-
itance tomography of manufacturing processes using genetic
programming. Master’s thesis, Al-Balqa Applied University,
July 2010.

[20] J. K. Kishore, L. M. Patnaik, V. Mani, and V. K. Agrawal.
Application of genetic programming for multicategory pattern
classification. IEEE Transactions on Evolutionary Computa-
tion, 4(3):242–258, September 2000.

[21] Sean Luke. Code growth is not caused by introns. In Darrell
Whitley, editor, Late Breaking Papers at the 2000 Genetic
and Evolutionary Computation Conference, pages 228–235,
Las Vegas, Nevada, USA, 8 July 2000.

[22] S. E. Rouwhorst and A. P. Engelbrecht. Searching the forest:
Using decision trees as building blocks for evolutionary
search in classification databases. In Proceedings of the 2000
Congress on Evolutionary Computation CEC00, volume 1,
pages 633–638, La Jolla Marriott Hotel La Jolla, California,
USA, 6-9 July 2000. IEEE Press.

[23] Stuart C. Shapiro (Editor). Encyclopedia of Artificial Intelli-
gence. John Wiley, 2 edition, January 1992. 1792 pages.

[24] Alaa Sheta. Software effort estimation and stock market pre-
diction using takagi-sugeno fuzzy models. In Proceedings of
the 2006 IEEE Fuzzy Logic Conference, Sheraton, Vancouver
Wall Centre, Vancouver, BC, Canada, July 16-21, pages 579–
586, 2006.

[25] J. W. Bailey and V. R. Basili. A meta model for software
development resource expenditure. In Proceedings of the
International Conference on Software Engineering, pages
107–115, 1981.

[26] Douglas Zongker and Bill Punch. lilgp 1.01 user’s manual.
Technical report, Michigan State University, USA, 26 March
1996.

2010 10th International Conference on Intelligent Systems Design and Applications 289



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /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 150
  /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 1200
  /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

  /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 "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


