
The expectancy-valence (EV) model is a cognitive de-
cision model developed by Busemeyer and Stout (2002) to 
decompose performance on the Iowa gambling task (IGT; 
Bechara, Damasio, Damasio, & Anderson, 1994). The 
task is designed to simulate real-life decision making in a 
complex situation, and performance on the task indicates 
a person’s ability to anticipate negative consequences of 
disadvantageous choices.

Typically, the analysis of data in IGT using the EV model 
is conducted in two stages. First, separate parameter esti-
mates are obtained from fitting the model to the repeated 
choices of each individual in a group. Second, standard sta-
tistical procedures such as analysis of variance may then 
be used to compare group differences using the estimated 
values of model parameters as raw data. The two-stage ap-
proach, however, can be biased and inefficient—biased 
because information contained in the standard errors of pa-
rameter estimates is ignored in the second stage, and ineffi-
cient because no mechanism exists in the analysis to account 
for the tendency of individuals in the same group to behave 
similarly. The two-stage analysis also lacks ways to directly 
link experimental manipulations to group comparisons.

The drawbacks of a two-stage analysis of the IGT data 
may be nullified by a mixed-effects modeling approach. 
Here, we propose a mixed-effects EV model by incorpo-

rating both subject-specific random effect parameters and 
group-specific fixed-effect parameters so that parameter 
estimation and group comparison can be achieved within 
a single framework. By pooling information from groups 
of individuals, the mixed-effects EV model may attain su-
perior statistical power for detecting group differences, 
when such differences exist.

In this article, we first briefly review the IGT and the 
EV model. We then describe the mixed-effects EV model 
and show how to implement parameter estimation using 
SAS PROC NLMIXED (Wolfinger, 1999). In the third 
section we compare the proposed mixed-effects approach 
with the two-stage procedure by analyzing a real data set 
for gender differences in the IGT. The fourth section re-
ports a simulation study to validate the superior power of 
the proposed approach, and, finally, we discuss the advan-
tages of the approach and the use of mixed (or hierarchi-
cal) models in analyzing cognitive performance.

The IGT and EV Model
The IGT is a card-selection task with four decks of 

cards that vary in gains and losses. At the outset, partici-
pants are given a certain amount of hypothetical money to 
play the game. The goal is to maximize one’s profit at the 
end of the game (usually, after 100 trials). At each trial, the 
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ticipants, a set of three parameter estimates was obtained 
from each individual (Yechiam et al., 2005). These authors 
summarized the distribution of parameter estimates for 
each population by computing the average and standard 
deviation for each parameter. To compare two distinct 
groups of populations, the differences between param-
eter estimates were computed. A major drawback of this 
approach is that it ignores the multilevel or hierarchical 
structure of the IGT data. Clearly, there exist trial-by-trial 
variations within the same individual, subject-by-subject 
variations within the same group of individuals, and, fi-
nally, between-group differences. Participants in the IGT 
are random effects because the scope of inference pertains 
not only to the effects present in those who participated 
in the study, but also to the effects present in the entire 
population. On the other hand, the distinct groups of pop-
ulations are fixed effects. These considerations lead us to 
propose a mixed-effects EV model that incorporates both 
subject-specific random-effect parameters and group-
specific fixed-effect parameters, so that parameter esti-
mation and group comparison can be achieved within a 
single statistical framework. By pooling information from 
groups of individuals, the mixed-effects EV model gains 
statistical power for detecting group differences, when 
such differences exist.

The Mixed-Effects EV Model
The mixed-effects EV model is specified as follows:

 vt  wi * Gt  (1  wi) * Lt. (1)

Evt,k  (1  ai)Evt 1,k  ai * vt if Dt,k  1,

 Evt,k          otherwise. (2)
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where vt is the valence at trial t. Gt and Lt indicate gain and 
loss at trial t. Evt,k denotes the EV of choosing deck k at 
trial t. The indicator variable Dt,k is 1 if at trial t the deck k 
is chosen; otherwise, Dt,k  0. pt,k denotes the probability 
of choosing deck k at trial t.

Equations 1, 2, and 3 are identical to the original for-
mulation of the EV model (Busemeyer & Stout, 2002) 
except for w, which is the motivation parameter, indicat-
ing a decision maker’s attention to gain relative to loss, 
a, which represents the rate at which EV is updated, and 
c, which specifies the changes in the sensitivity of the 
choice probability to expectancy. These are assumed to be 
subject-specific random effects and are indexed by i, for 
the ith participant.

In fitting the EV model to IGT data, our experience 
showed that the estimation cost a lot of time, and that es-
timates obtained from running the optimization routine 
were very susceptible to the starting values of the param-
eters. This might be because the third parameter c in the 
original formulation of the EV model is the exponent of 
a power function, which, in turn, is itself exponentiated. 

participant is required to choose one card out of the four 
decks. Feedback about gains and losses is provided after 
a choice is made. Two decks of cards are associated with 
a large constant gain but a negative expected gain in the 
long run; the other two decks of cards are associated with 
a smaller constant gain but a positive expected gain in the 
long run. Poor performance in the task indicates a fail-
ure to anticipate negative consequences of bad choices. 
Compared with normal individuals, patients with dam-
age to prefrontal cortex selected cards in the IGT in ways 
that showed insensitivity to future consequences (Bechara 
et al., 1994). The task has been widely used to charac-
terize decision-making deficits in different populations, 
such as individuals with addiction problems (Bechara & 
Damasio, 2002; Verdejo-Garcia et al., 2007), aging popu-
lations (Isella et al., 2008), and women with bulimia ner-
vosa (Boeka & Lokken, 2006).

The EV model, proposed by Busemeyer and Stout 
(2002), is designed to measure the different psychologi-
cal processes that underlie performance on the IGT. The 
model assumes that the decision maker at any given trial 
integrates gains and losses of all previous trials to form 
an expectancy valence for the present trial on which the 
probability of the next trial depends. More specifically, 
the valence of the payoffs on a trial is a weighted aver-
age of the gains and losses. The expectancy of a deck at a 
given trial is the expectancy of the deck at a previous trial 
plus the discrepancy between the valence of the current 
choice and the expectancy of the deck at a previous trial 
adjusted by learning. Finally, the choice probability for a 
particular deck is determined by the strength of that deck 
relative to the sum of the strengths of all decks. In other 
words, the underlying decision-making processes in the 
IGT identified by the EV model are motivational, learn-
ing, and response processes. Given an individual partici-
pant’s choice data, Busemeyer and Stout estimated param-
eters for each of these three processes via the maximum 
likelihood method.

Estimated values of these model parameters have been 
used to compare healthy young adults against other target 
groups. Yechiam, Busemeyer, Stout, and Bechara (2005) 
plotted 10 different populations of participants according 
to their performance on the IGT in reference to a control 
group, with their locations on the map determined by the 
differences in estimated values of the learning-rate param-
eter (the vertical axis) against the differences in estimated 
values of the motivation parameter (the horizontal axis). 
The standard errors of the differences of estimates are 
shown as a cross centered for each population. Huntington 
patients, for instance, are located in the upper right quad-
rant of the map, reflecting a greater sensitivity to gains 
(relative to losses) and more attention to the most recent 
outcomes as opposed to past outcomes, compared with 
the control group.

Comparisons of model parameter estimates on such 
a map reveal differences in decision-making processes 
among distinct groups. Thus, it is important to be able to 
accurately and efficiently estimate parameters of the EV 
model from IGT data. For any given population of par-
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Parameter Estimation of the  
Mixed-Effects EV Model

The extended EV model with subject-specific random 
effects that we proposed is recognized as a nonlinear 
mixed-effects model (see, e.g., Pinheiro & Bates, 1995). 
Either the nlme package in R (Pinheiro & Bates, 2000) or 
the NLMIXED procedure (SAS Institute, 2004) can be 
used to estimate parameters of nonlinear mixed models. 
For this study, parameters of the mixed-effects EV model 
were estimated using SAS following Sheu, Chen, Su, and 
Wang’s (2005) discussion on the implementation of non-
linear mixed-effects models in PROC NLMIXED.

The Appendix presents a code example of the imple-
mentation. To start with, the DATA step reads a properly 
arranged data set from an IGT experiment. Each row in the 
data set represents a participant’s trial. Every row consists 
of the participant’s ID, trial, response, number of cards 
chosen at each deck before this trial, and a covariate. The 
responses are regressed onto payoffs of previous trials. 
The sequences of values of the gains and losses of each 
deck before each trial should also be listed. Because each 
deck consists of 40 cards in an ordinary IGT, the length 
of sequence representing values of losses of each deck at 
previous trials is set to 40, and the unused columns should 
be filled with zeroes. Given a deck in the IGT, the value of 
gain is constant; only a single variable is required for the 
gain of previous trials.

PROC NLMIXED evokes the estimation procedure 
of parameters of the mixed-effects model. We suggest 
using the maximum likelihood procedure with conjugate-
 gradient optimization and importance sampling (SAS Insti-
tute, 2004). The suggested procedure can be implemented 
by setting TECH  congra and METHOD  isamp, 
respectively. TECH selects the optimization routine for 
maximizing the log-likelihood function, and METHOD 
specifies the method for approximating the integral of the 
likelihood over the random effects. QPOINTS determines 
the number of quadrature points in the approximation of 
the integral. ARRAY reads from a previous SAS data set 
or creates an array to store variables in the mixed-effects 
EV model, to simplify the code. PARMS sets the starting 
value of parameters of the model. The following part of 
the code calculates every trial’s valence and EV and then 

Tiny changes in the magnitude of ci can yield wildly dif-
ferent predicted choice probabilities. To overcome such 
problems, we reparameterize Equation 3 into Equation 4 
with ci  10ci.
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We further assume that the random-effect parameters 
are sampled from independent and identically distrib-
uted multivariate normal distributions as shown below 
in Equation 5, where X is a design matrix with fixed 
covariates. For example, with only two distinct groups 
of participants, the group membership is dummy coded 
by an indicator X, resulting in the between-group differ-
ence being represented through model parameters w1, a1, 
and c1. Variances of parameters of wi, ai, and c1 are in-
dicated by ww, aa, and c c , respectively. Correlations 
between pairs of parameters are indicated by their cor-
responding subscripts.

Parameter Estimation of the EV Model
Busemeyer and Stout (2002) estimated parameters of 

the EV model by the maximum likelihood method with 
Nelder–Mead simplex optimization (O’Neill, 1971). 
Under reparameterization of the sensitivity parameter 
in the EV model, three methods we have investigated— 
simplex, conjugate-gradient, and double dogleg optimiza-
tion (SAS Institute, 2004)—all exhibited better converg-
ing performance under the reparameterization. The latter 
two methods appeared to be computationally faster than 
the simplex routine.

We note that since Equation 2 is recursively defined, 
the EV model can be reformulated as a single equation, 
presented below (Equation 6).

The probability of choosing deck k at trial t 1 is clearly 
a nonlinear function of cumulative gains and losses, as 
well as the responses of previous trials. In other words, the 
EV model is a nonlinear regression model. Thus, fitting 
the EV model to IGT data can readily be implemented 
with built-in routines, such as PROC NLIN (SAS Institute, 
2004) or nls in R (R Development Core Team, 2006).
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rameter estimates obtained using the two-stage analysis—
that is, fitting the original EV model to individual data one 
at a time and following a two-independent-samples t test. 
In contrast, results of the mixed-effects analysis, shown on 
the right of Table 1, made clear that there are statistically 
significant gender differences for the motivation param-
eter between the sexes. Results based on the mixed-effects 
EV model suggested that male college students paid more 
attention to gain compared with their female counterparts. 
But there were no significant gender differences in learn-
ing or response sensitivity.

Bolla, Eldreth, Matochik, and Cadet (2004) found that 
male adults performed better than female adults in the 
IGT, and that only male adults showed a significant learn-
ing effect. In rodents, van den Bos, Lasthuis, den Heijer, 
van der Harst, and Spruijt (2006) also found a learning 
effect in favor of male mice. However, both Bolla et al. 
and van den Bos et al. used the net score (the number of 
good decks chosen minus the number of bad decks cho-
sen) in their statistical analyses without evoking the EV 
model. Therefore, their results and ours cannot be directly 
compared. Further research is needed to clarify the gender 
differences in the IGT.

A significant correlation (r  .31, p  .05) between 
the motivation parameter and the response-sensitivity pa-
rameter was observed from fitting the mixed-effects EV 
model to data. Although the original EV model does not 
specify correlations among model parameters, we found 
similar patterns of correlations among model parameters 
by calculating the Pearson correlation coefficients based 
on estimated values of individuals’ parameters of the EV 
model. The value of the correlation coefficient between 
estimates of the motivation and response-sensitivity pa-
rameters was .63 ( p  .05).

Simulation
A simulation study was conducted to directly verify 

the advantage of the analysis by the mixed-effects EV 
model over the two-stage analysis using the original EV 
model to detect group differences. We simulated IGT data 
from an experiment with two groups (a control group and 
a treatment group). In the first group (n  21), means 
and standard deviations, respectively, of three parameters, 
w, a, and c , were set at .70 and .10; .007 and .002; and 
.40 and .10. In the second group (n  21), the means and 
standard deviations of those three parameters were set at 
.78 and .10; .0086 and .002; and .48 and .10. The standard-
ized differences of wi, ai, and ci between the two groups 

forms the choice probabilities of four decks according 
to the reformulation of the EV model (i.e., Equation 6). 
MODEL associates the dependent variable “response” 
with its probability function setting by the subcommand 
GENERAL with log-probability, which will sum up to the 
log-likelihood function, in the bracket. RANDOM speci-
fies the random effects as a multivariate normal distribu-
tion. SUBJECT identifies that random effects vary across 
subjects. The code can also be used to estimate the param-
eters of the original EV model by leaving out the random 
effects and modifying the specification of parameters.

Gender Differences in IGT
The data from a sample of 13 male and 15 female Tai-

wanese college students performing the IGT were ana-
lyzed using the original EV model in a two-stage analysis 
and using the mixed-effects version. (The data came from 
the third author’s larger study on the somatic marker hy-
pothesis.) The ability of the two models to detect gender 
differences in IGT performance was the focus of com-
parison. To check the feasibility of the EV model in our 
IGT data, we calculated differences in 2 log-likelihood of 
the original EV model contrasted to baseline multinomial 
model (Busemeyer & Stout, 2002). The positive differ-
ence indicates that the EV model performs better than the 
baseline model in the data. All participants’ differences 
in 2 log-likelihood were positive. We also checked the 
feasibility of the mixed-effects EV model by calculating 
the difference in 2 log-likelihood of the mixed-effects EV 
model in reference to the original EV model. The differ-
ence in 2 log-likelihood between the two model fits to the 
present data is 293.7, with the original EV model having 
72 more parameters. The ratio of 2 log-likelihood to the 
number of extra parameters is smaller than 5, indicating 
that the two model fits are comparable (Marsh & Hocevar, 
1985).

Parameter estimates and standard errors obtained from 
the two approaches are shown in Table 1. The estimated 
parameter values are not much different except for the 
response-sensitivity parameter. The standard errors of the 
motivation parameter and learning rate parameter for the 
mixed-effects EV model are only about half of those for 
the original EV model. Large variation and uncertainty in 
single-subject estimates were also observed by Wetzels, 
Vandekerckhove, Tuerlinckx, and Wagenmakers (2008).

We also calculate the 95% confidence intervals for mean 
differences across gender based on the two approaches. 
No gender differences were found among the resulting pa-

Table 1 
Means, Standard Deviations, and 95% Confidence Intervals for Mean Differences of 

Estimates of Parameters of the Expectancy-Valence (EV) Model by Different Approaches 
Between Female (n  13) and Male (n  15) College Students

Two-Stage Analysis Mixed-Effects EV Model

95% CI 
for Mean

95% CI 
for MeanFemale Male  Female Male

  M  SD  M  SD  Difference  M  SD  M  SD  Difference 

w .820 .174 .855 .147 .091, .162 .740 .074 .797 .074 .016, .099
a .009 .005 .009 .008 .005, .005 .009 .002 .007 .002 .004, .006
c  .262  .350  .182  .263  .324, .163  .033  .236  .028  .236  .068, .058
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psychologists by examples. Stockard, O’Brien, and Peters 
(2007) analyzed a modified IGT and a prisoner’s dilemma 
game using mixed models without explicitly involving the 
EV model or any other process models.

Another approach to applying mixed-effects model-
ing involves the generalization of the original quantitative 
model of a cognitive task to include both fixed and random 
effects. The proposed mixed-effects EV model adds another 
case study in the latter category. For example, the Deese/
Roediger–McDermott false memory paradigm (Roediger 
& McDermott, 1995) is usually analyzed in the framework 
of signal detection theory. Sheu, Lee, and Shih (2008) sug-
gested accounting for participants’ variability by introduc-
ing random effects into the signal detection model.

The distinction between the two mixed modeling ap-
proaches might be blurred, however, in a Bayesian frame-
work (Wetzels et al., 2008). In a hierarchical approach 
to modeling response time distributions, Rouder, Lu, 
Speckman, Sun, and Jiang (2005) demonstrated that 
their proposed mixed-effects model was better at captur-
ing the effects of experimental manipulations than stan-
dard methods of analyzing reaction time in individual or 
 aggregate-level data. Since experiments involving mul-
tiple trials by a sample of individuals contain both within- 
and between-subjects variations, the proposed mixed 
modeling approach may be preferable to the two-stage 
approach and should receive serious consideration from 
experimental psychologists in their data analyses.
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APPENDIX

DATA igt;
 INFILE 'igt.dat';
 INPUT id trial response numdeck1- numdeck4 x gvalue1-gvalue4
 lvalue101-lvalue140 lvalue201-lvalue240
 lvalue301-lvalue340 lvalue401-lvalue440;

PROC NLMIXED DATA=igt TECH=congra METHOD=isamp QPOINTS=25;

/*Store numbers of cards chosen at deck A to D before the present trial in an array.*/
ARRAY numdeck(4) numdeck1- numdeck4;  

/*Store gain values of deck A to D in an array.*/
ARRAY gvalue(4) gvalue1-gvalue4;

/*Store loss values of cards chosen at deck A to D before the present trial in an array.*/
ARRAY lvalue(4,40) lvalue101-lvaluea140 lvalue201-lvalue240
 lvalue301-lvalue340 lvalue401-lvalue440;

/*Create arrays for expectancy-valences and choice probabilities of four decks.*/
ARRAY ev(4); ARRAY p(4);

PARMS w0=.5 a0=.01 cprime0=.5 w1=.0 a1=.0 cprime1=.0
 sww=.01 saa=.001 scc=.01 corraw=0 corrcw=0 corrca=0;

saw = corraw*sqrt (saa*sww);
scw = corrcw*sqrt (scc*sww);
sca = corrca*sqrt (scc*saa);

/*Calculate the expectancies and probabilities of four decks.*/
w=(w0+w1*x+wr);
a=(a0+a1*x+ar);
cprime=(cprime0+cprime1*x +cprimer);

DO j=1 TO 4;
  ev[ j]=0;
DO i=1 TO numdeck[j];
  ev[ j]=ev[j]+((1-a)**( numdeck[j]-i)*a) *(w*gvalue[ j]+(1-w) *lvalue[ j,i]);
END;
END;

DO j=1 TO 4;
 p[ j]=exp(ev[j]* cprime**(log10(trial)-1)); 
 if (numdeck[j]=40) then p[ j]=0;
END;
p=p/sum(p);
LogP=log(p[response]);

MODEL response ~ GENERAL(LogP);
RANDOM wr ar cprimer ~ NORMAL([0,0,0],[sww,saw,saa,scw,sca,scc]) SUBJECT=id;

RUN; QUIT;

(Manuscript received November 7, 2008; 
accepted for publication December 18, 2008.)



<<
  /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
  /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 149
  /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 0.40
    /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 149
  /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 0.40
    /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 599
  /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

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


