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Abstract. Despite substantial progress in understanding the anatomical and 
functional development of the human brain, little is known on the spatial-
temporal patterns and genetic influences on white matter maturation in twins. 
Neuroimaging data acquired from longitudinal twin studies provide a unique 
platform for scientists to investigate such issues. However, the interpretation of 
neuroimaging data from longitudinal twin studies is hindered by the lacking of 
appropriate image processing and statistical tools. In this study, we developed a 
statistical framework for analyzing longitudinal twin neuroimaging data, which 
is consisted of generalized estimating equation (GEE2) and a test procedure. 
The GEE2 method can jointly model imaging measures with genetic effect, en-
vironmental effect, and behavioral and clinical variables. The score test statistic 
is used to test linear hypothesis such as the association between brain structure 
and function with the covariates of interest. A resampling method is used to 
control the family-wise error rate to adjust for multiple comparisons.  With dif-
fusion tensor imaging (DTI), we demonstrate the application of our statistical 
methods in quantifying the spatiotemporal white matter maturation patterns and 
in detecting the genetic effects in a longitudinal neonatal twin study. The pro-
posed approach can be easily applied to longitudinal twin data with multiple 
outcomes and accommodate incomplete and unbalanced data, i.e., subjects with 
different number of measurements. 

1   Introduction 

Longitudinal neuroimaging studies have grown rapidly for better understanding the 
progress of neuropsychiatric and neurodegenerative disorders or the normal brain 
development, and typical large-scale longitudinal studies include ADNI (Alzheimer's 
Disease Neuroimaging Initiative) and the NIH MRI study of normal brain as in [1]. 
Compared with cross-sectional neuroimaging studies, longitudinal neuroimaging 
follow-up may allow characterization of correlation between individual change in 
neuroimaging measurements (e.g., volumetric and morphometric) and the covariates 
of interest (such as age, diagnostic status, gene, and gender). Longitudinal design may 
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also allow one to examine a causal role of time-dependent covariate (e.g., exposure) 
in disease process. A distinctive feature of longitudinal neuroimaging data is the tem-
poral order of the imaging measures (see more discussions in [2, 3]). Particularly, 
imaging measurements of the same individual usually exhibit positive correlation and 
the strength of the correlation may decrease with prolonged time separation.  

Twin neuroimaging studies are invaluable for disentangling the effects of genes and 
environments on brain functions and structures. The twin design typically compares the 
similarity of monozygotic twins (MZ, who are developed from a single fertilized egg 
and therefore share 100% of their genes) to that of dizygotic twins (DZ, who are devel-
oped from two fertilized eggs and therefore share on average 50% of their alleles). 
These known differences in genetic similarity, together with the assumption of equal 
environments for MZ and DZ twins allows us to explore the effects of genetic and envi-
ronmental variance on a phenotype, such as brain structure. The current neuroimaging 
twin studies have focused upon locating the brain regions subject to either environ-
mental factors or genetic factors. For instance, high heritability was found in intracranial 
volume, global gray and white matter volume [4], cerebral hemisphere volume [5]. 
Cortical thickness in sensorimotor cortex, middle frontal cortex and anterior temporal 
cortex were found to be under the influence of genetic factors [6]. High heritabilities 
were also located in paralimbic structures and temporal/parietal neocortical regions [7].  

The longitudinal twin neuroimaging studies, which combine both the longitudinal 
design and the twin design, provide a unique platform for examining the effects of 
gene and environment on the development of brain functions and structures. To prop-
erly analyze the longitudinal twin imaging measures, any image processing and statis-
tical tools must account for three key features: the temporal correlation among the 
repeated measures, the different genetic and environmental effects among MZ and DZ 
twins, and the spatial correlation between each twin pair. Failure to account for these 
three features can result in misleading scientific inferences [2]. However, advanced 
image processing and statistical tools designated to complex and correlated image 
data along with behavioral and clinical information remains lacking. The cross-
sectional image processing and statistical tools may be useful for longitudinal twin 
imaging data, but they are not statistically optimal in power. To the best of our 
knowledge, most existing neuroimaging software platforms including SPM, AFNI, 
and FSL do not have any valid methods to process and analyze neuroimaging data 
from longitudinal twin studies. 

We propose two statistical methods for the analysis of neuroimaging data from 
longitudinal twin studies. We develop second-order generalized estimating equations 
(GEE2) for jointly modeling univariate (or multivariate) imaging measures with  
covariates of interest in longitudinal twin studies (including genetic and environ-
mental factors, behavioral and clinical variables). Compared with the structural equa-
tion modeling (SEM) for twin neuroimaging data, GEE2 avoids the assumption that 
latent genetic and environmental variables follow a Gaussian distribution. We develop 
a score test statistic to test linear hypotheses such as the associations between brain 
structure and function and covariates of interest. In order to adjust for multiple  
comparisons, a resampling method is used to control the family-wise error rate. We 
demonstrate the utility of the proposed approach in analyzing diffusion tensor imag-
ing (DTI) data to quantify spatiotemporal patterns and detect genetic influences on 
early postnatal white matter development. 
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2   Methods 

2.1   Image Acquisition and Preprocessing 

Our study is approved by the institutional review board. A total of 30 pairs of same 
sex twins were recruited with the consents of parents. These subjects were followed 
longitudinally at the time close to birth, at 1 year and 2 years after birth. With missing 
data, a total of 142 datasets were obtained. All subjects were fed and calmed to sleep 
on a warm blanket inside the scanner wearing proper ear protection. All images were 
acquired using a 3T Allegra head only MR system with 6 encoding gradient directions 
with an istropic voxel size of 2 mm3. Two DTI parametric maps including fractional 
anistropy (FA) and mean diffusivity (MD) were computed with the diffusion tensor 
tool box in FSL (http://www.fmrib.ox.ac.uk/fsl/). In order to construct voxel based 
atlas, the FA images from all subjects were co-registered towards a template of a two-
year old FA image (not a subject in this study) with a widely used elastic registration 
method HAMMER [8], which relies on neighborhood intensity distribution and edge 
information for image alignment instead of image intensity alone.   

2.2   Generalized Estimating Equations 

We observe imaging, behavioral and clinical data from n twins at mi time points tij for 

1,..., , 1,..., ii n j m= =  in a longitudinal study. Let ,1 ,( ,... )T
ij ij ij qx x x=  be a qx1 covariate 

vector, which may contain age, gender, height, gene, and others. Note that the number 

of time points for the i-th twin mi may differ across twins. There are a total 
1

n

i
i

m N
=

=∑  

sets of images in this study. Based on observed image data, we compute 

neuroimaging measures, denotated by { ( ) : , 1,..., }i ij iY y d d D j m= ∈ =  across all mi 
time points from the i-th twin, where d represents a voxel (or a region of interest) on  
D, a specific brain area. For simplicity, we assume that imaging measure 

,1 ,2( ) ( ( ), ( ))T
ij ij ijy d y d y d=  at voxel d is a 2x1 vector consisting of the same measure 

from two subjects within each twin. 
We apply the second-order GEE method for jointly modeling univariate (or multi-

variate) imaging measures with covariates of interest in longitudinal twin studies 
(such as behavioral, clinical variables or genetic and environmental effects). The 
GEE2 explicitly introduces two sets of estimating equations for regression estimates 
on original data and covariance parameters, respectively. For notational simplicity,  
d is dropped from our notation temporarily. 

To study the growth trajectories for imaging measures in healthy neonatal/pediatric 

subjects, we assume that the model for ,ij ky at the j-th time point for the i-th twin is 

,1 1, , , ,( ) ... T
ij ij ij k ij q q k ij kE y u x x xβ β β= = + + = �

 (1)

for 1,..., , 1,..., ii n j m= =  where ,1ijx is usually set to 1, ,ij kx  ( 2k ≥ ) can be chosen as 

time, gender, gene, and others, and β is a qx1 vector. 
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For all measurements from the i-th twin, we can form a 2 1im ×  vector 

1,1 1,2 ,1 ,2( , ,..., , )
i i

T
i i i im imY y y y y=  and 1,1 1,2 ,1 ,2( ) ( , ,..., , )

i i

T
i i i im imU u u u uβ = . To solve the regres-

sion coefficients in ,1, ,2( )Tβ β β= � � , we construct a set of estimating equations given by  

1

1

( ( )) 0
n

i i i i
i

DV Y u β−

=

′ − =∑  (2)

where ( ) /i iD u β β= ∂ ∂  and iV  is a working covariance matrix such as autoregressive 

structure. To study the genetic and environmental effects on imaging measures, we 
assume that  

0: 0: 0: : : :ij ij i i i ij s i ij s i ij s i ijy u a d c t a t d t c ε− = + + + + + +  (3)

where ,ij kε  is random error, 0: ,i ka , 0: ,i kd  and 0: ,i kc  are, respectively, the additive 

genetic, dominance genetic, and environmental residual random effects (so called 
ADE model in twin study) associated with intercept. 

: ,s i ka , 
: ,s i kd  and 

: ,s i kc  are the 

additive genetic, dominance genetic, and environmental residual random effects 
associated with time, respectively. We assume that 

,ij kε , 
0: ,i ka , 

0: ,i kd , 
0: ,i kc ,

: ,s i ka , 
: ,s i kd  

and : ,s i kc  are independently distributed with zero mean and variances 2
eσ , 

2
0,aσ , 2

0,dσ , 2
0,cσ , 2

,s aσ , 2
,s dσ , and 2

,s cσ , respectively. According to ADE models, we assume 

that 
2

0: ,1 0: ,2 0,cov( , ) / 2i i aa a σ= , 
2

0: ,1 0: ,2 0,cov( , ) / 4i i ad d σ= , 
2

: ,1 : ,2 ,cov( , ) / 2s i s i s aa a σ=  and 
2

: ,1 : ,2 ,cov( , ) / 4s i s i s ad d σ=  for DZ, and 
2

0: ,1 0: ,2 0,cov( , )i i aa a σ= , 
2

0: ,1 0: ,2 0,cov( , )i i ad d σ= , 
2

: ,1 : ,2 ,cov( , )s i s i s aa a σ=  and 
2

: ,1 : ,2 ,cov( , )s i s i s ad d σ=  for MZ. For model identifiability, we 
may drop either dominance genetic effect or environmental effect from the model.  

Based on these assumptions, we calculate the covariance between 
, , ,ij k ij k ij ky y u= −%  

and 
, , ,ij k ij k ij ky y u′ ′ ′ ′ ′ ′= −%  for any ,j j′ and ,k k ′ . Specifically, 

, ,( )ij k ij kE y y ′ ′% %  can be ex-

pressed as  

2 2 2 2 2 2
,( , ),( , ) ,1 0, ,2 0, 0, ,1 , ,2 , ,( )i j j k k i a i d c ij ij i s a i s d s cz z t t z zσ σ σ σ σ σ σ′ ′ ′= + + + + +  (4)

in which ,1 ,2( , )i iz z  takes (1,1) for either k k ′=  or MZ and (0.5, 0.25) for DZ. For 

all products between ,ij ky%  and ,ij ky% , we can form a (2 1) 1i im m + ×  vector 
2 2
1,1 1,1 1,1 ,2( , ,..., )

i

T
i i i i imS y y y y= % % % %  and 

,(1,1),(1,1) ,( , ),(2,2)( ) ( ,..., )
i i

T
i i i m mS σ σ σ= . 

To solve the regression coefficients in σ, we construct a set of estimating equations 
given by  

1
,

1

( ( )) 0,
n

i S i i i
i

DV S S σ−

=

′ − =∑ %  (5)

Where, ( ) /i iD S σ σ= ∂ ∂% and ,S iV  is a working covariance matrix. 
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Applying GEE2 methods has many attractive advantages.  First, this model pro-
posed above is very flexible and free of distribution assumption.  Second, the GEE2 

estimator is consistent even we mis-specify the covariance structure iV and ,S iV .  

Third, our inferences using the empirical standard errors are robust even if our knowl-
edge of the covariance structure is imperfect.  Fourth, our GEE2 method avoids mod-
eling the high order moments of imaging measures.  Finally, it is computationally 

straightforward to compute GEE2 estimators β̂  and σ̂  by iterating between Eq. (2) 

and Eq. (5).     

2.3   Hypothesis and Test Statistics 

In longitudinal twin studies, one is interested in answering various scientific questions 
involving the asessment of brain development across time and the testing of genetic 
influences on brain structure and function. These questions concerning brain 
development can often be reformulated as either testing linear hypothesis of β  as 

follows:  

0 0:H R bβ = vs. 
1 0:H R bβ ≠  (6)

where R is an 2r q× matrix of full row rank and b0 is an r 1× specified vector.  The 

question concerning genetic effect on brain are usually formulated as testing 

0, : 0S sH R σ = vs. 
1, : 0S sH R σ >  (7)

where
sR is an kx7 of full row rank.  For instance, if we are interested in testing the 

genetic effect 0: ,i ka , then we choose 2
0,s aR aσ = . To test these hypotheses in Eq. (6) and 

[7], we use the score test statistics with appropriate asymptotic null distributions [9]. 
A wild boostrap method was used to control for multiple comparisons. The proposed 
test procedure is computationally much more efficient than the permutation method. 

3   Results 

3.1   Growth Patterns 

In the longitudinal analysis of the DTI images using GEE2 (Eq. (2) for growth pattern 
quantification), covariates of interest including intercept, age, age*age, zygote (0 for 
MZ and 1 for DZ) and zygote * times were tested for significance (Eq. (8)).  

2
1 2 3 4 5( ) * * * * *ij ijE y u age age zygote zygote ageβ β β β β= = + + + +  (8)

Significant contributions were only found for 1β , 2β and 3β . Thus, nonlinear chang-

ing patterns were observed in early postnatal stages for FA and MD.  But no zygote 
related significance was detected. Squared ROIs with a fixed size (2x2 pixels) were 
drawn in axial view at posterior limb of internal capsules, external capsules bilaterally 
and at the centers of genu and splenium.  The growth patterns of FA and MD from 
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these regions are given in Fig. 1 for both MZ and DZ twins.  There is a slight differ-
ence existed between the growth curves between MZ and DZ twins. Among these 
brain regions, external capsule and internal capsule respectively have the lowest FA 
and MD values in this period of time (Fig. 1). 

 

 

Fig. 1. Temporal growth patterns for FA (nonlinear increase, left panel) and MD (nonlinear 
decrease, right panel) in both MZ (top panel) and DZ (bottom panel) twins in external capsule 
(EC), posterior limb of internal capsule (IC), genu (GE) and splenium (SP) 

3.2   Genetic Influence 

For model identifiability, we use AE model to estimate genetic influences on brain 
development.  Since each twin pair share similar nurturing environment, the squared 
difference (sqd= 2

,1 ,1 ,2 ,2[( ) ( )]ij ij ij ijy u y u′ ′ ′ ′− − − ) between the DTI images from the same 

twin pair should exclude the environmental effect from analysis. In such a situation, 
Eq. (4) can be shortened as in Eq. (9). In our current implementation, statistical  
testing was performed with Eq. (10].  

2 2 2
1 0, 2 1,( ) *a aE sqd ageβ σ β σ= +  (9)

2 2
,1 ,2 1 2 3([ ] ) * * *ij ijE y y zygote zygote ageβ β β− = + +  (10)

In Eq. (10), the two zygote related terms can be tested for the significance of static 
and dynamic genetic influences upon early brain development separately.  Significant 
regions were found in left parietal white matter with FA, and significant regions in 
basal gangalia and right frontal white matter were identified with MD for term zygtote 
in Eq. (10). Thus, these regions demonstrate static genetic influence (Fig. 2). Fur-
thermore, brain regions with significant genetic influence on growth were identified 
with MD in frontal, occipital and parietal white matter for term 2*zygote age , which 

demonstrates dynamic genetic influence (Fig. 3).  
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Fig. 2. Regions under significant static genetic influence on growth in FA (left panel) and MD 
(right panel) 

 

Fig. 3. Regions under significant dynamic genetic influence on growth in MD 

4   Discussion 

In this study, we have demonstrated the potentials of using GEE2 based statistical 
methods in analyzing twin images in a longitudinal study.  This work may be the first 
study to identify the growth patterns of DTI parameters in longitudinal twin study. 
Our preliminary results demonstrated that genetic influences upon brain development 
can be identified with the squared difference images under the assumption of equal 
environmental exposure.  Furthermore, our approach may suggest the existence of 
dynamic component of genetic influences on brain development in this early postnatal 
stage.  

There are several potential improvements can be made to the current approach. 
One is to use the two GEE equations (Eq. (2) and (5)) iteratively for joint estimation 
of growth patterns and genetic influences. Another extension is to use multivariate 
analysis to improve the sensitivity in detecting genetic related influences. At last, 
from imaging registration end, the statistical analysis will benefit from an improved 
registration of the DTI images across different ages.   



 Mapping Growth Patterns and Genetic Influences on Early Brain Development 239 

References 

1. Almli, C.R., Rivkin, M.J., McKinstry, R.C.: The NIH MRI Study of Normal Brain Devel-
opment (Objective-2): Newborns, Infants, Toddlers and Preschoolers. IEEE-TMI 35, 308–
325 (2007) 

2. Diggle, P., Heagerty, P., Liang, K.Y., Zeger, S.: Analysis of Longitudinal Data, 2nd edn. 
Oxford University, Oxford (2002) 

3. Liang, K.Y., Zeger, S.L.: Longitudinal Data Analysis Using Generalized Linear Models. 
Biometrika 73, 13–22 (1986) 

4. Baare, W.F., Hulschoff, H.E., Boomsma, D.I., Posthuma, D., Schnack, H.G., van Haren, 
N.E., van Oel, C.J., Kahn, R.S.: Quatitative Genetic Modeling of Variation in Human Brain 
Morphology. Cereb. Cortex. 11, 816–824 (2001) 

5. Geschwind, D.H., Miller, B.L., DeCarli, C., Carmelli, D.: Heritability of Lobar Brain Vol-
umes in Twins Supports Genetic Models of Cerebral Laterality and Handedness. PNAS 99, 
3176–3181 (2002) 

6. Thompson, P.M., Cannon, M.D., Narr, K.L., van Erp, T., Poutanen, V.P., Huttunen, M., 
Lonnqvist, J., Standerskjoid-Nordestam, C.G., Kaprio, J., Khaledy, M., Dail, R., Zoumalan, 
C.L., Toga, A.W.: Genetic influences on Brain Structure. Nat. Neurosci. 4, 1253–1258 
(2001) 

7. Wright, I.C., Sham, P., Murray, R.M., Weinberger, D.R., Bullmore, E.T.: Genetic Contribu-
tions to Regional Variability in Human Brain Structure: Methods and Preliminary Results. 
Neuroimage 17, 256–271 (2002) 

8. Shen, D.: Image Registration by Local Histogram Matching. IEEE Trans. Med. Imaging 40, 
1161–1172 (2007) 

9. Zhu, H., Li, Y.M., Tang, N.S., Bansal, R., Hao, X.J., Weissman, M.M., Peterson, B.S.: Sta-
tistical Modelling of Brain Morphometric Measures in General Pedigree. Statistica 
Sinica 18, 1554–1569 (2008) 


	Mapping Growth Patterns and Genetic Influences on Early Brain Development in Twins
	Introduction
	Methods
	Image Acquisition and Preprocessing
	Generalized Estimating Equations
	Hypothesis and Test Statistics

	Results
	Growth Patterns
	Genetic Influence

	Discussion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /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 /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /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 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /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 <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




