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ABSTRACT 
Simultaneous recordings of an increasing number of 
neurons have recently become available, leading to a 
renewed interest in cell assemblies. However, so far few 
methods have been proposed to handle multiple-neuron 
activity. In this paper, we extract and investigate all the 
possible temporal neural activity patterns based on 
synchronized firings of neurons recorded on multiple 
electrodes, or based on bursts of single-electrode 
activity in cat primary auditory cortex. We apply this to 
responses to periodic click trains or amplitude 
modulated (AM) noise by obtaining for each pattern, 
comprising both overall firing rate and synchronized 
rate, its temporal modulation transfer function. An 
algorithm that maximizes the mutual information 
between all patterns and stimuli subsequently leads to 
the identification of patterns that optimally decode the 
stimulus repetition rate or modulation frequency (MF). 
We show that temporal stimulus information contained 
in multi-electrode synchronized firing or spike bursts is 
not redundant with single-electrode firings and leads to 
improved efficiency of MF decoding. We also show 
that the combined use of firing rate and temporal 
(phase-locking) codes leads to a better discrimination of 
the MF, mostly because firing rate is able to code 
higher MFs (>16Hz) than the temporal code. Spike 
bursts might be more efficient than synchronized firings 
to discriminate low MFs. Finally, we show that even the 
combined use of firing rate and phase-locking leads to 
poor MF coding, which implies that other codes may be 
actually used by the brain for processing temporal 
stimulus features. 
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1.  Introduction 
 
According to Donald Hebb, stimuli, objects, but also 
more abstract psychological entities like concepts, 
contextual relations, ideas, are represented in the brain 
by simultaneous activation of groups of neurons that he 
referred to as cell assemblies [1]. The 

neurophysiological substrate from such a strong 
hypothesis ensues from the fact that “neurons are 
natural recognizers of synchrony” [2], favoring 
coincident presynaptic events over asynchronous ones 
to generate an action potential [3, 4]. As a consequence 
of this behavior, it also appears that synchronized 
firings from several neurons feeding the same 
postsynaptic neuron have a higher probability to 
activate it, leading subsequently to the propagation of 
synchronous spiking [5, 6]. However, one single neuron 
may possibly belong to several cell assemblies, each of 
them involving an unknown number of neurons, not to 
speak of the unclear role that shared inputs play in the 
observed synchronization between neurons. Thus, the 
probability to identify, observe and describe a full 
neural network in the brain with only at most a few 
dozen of extracellular recordings is extremely low. 
Moreover, studying even a small set of neurons requires 
the analysis of thousands of possible combinations. 
 There have been numerous proposed analysis 
methods for multiple (>2) spike-train recordings in the 
past thirty years. At first, some studies proposed to 
identify the most relevant assemblies among 
simultaneous recordings, mainly by extracting subsets 
of neurons whose simultaneous firings happen 
significantly more or less often than if these neurons 
were independent. Gerstein firstly introduced such a 
method [7] based on an accretion process: after 
selecting pairs of functionally related neurons, a 2χ  
test is used to add a third neuron to each pair, then the 
process is iterated as long as the test raises significant 
relationships. Amazingly, this study found little 
response and was not cited by Gerstein himself or 
Brown et al. in their recent reviews about neural 
assemblies [8, 9]. It is likely that a straightforward 
interpretation of the properties of such extracted 
neurons groups was not as easy or relevant as initially 
expected, but the basic tenets remain interesting. Spike-
pattern classification methods can be considered as 
modern versions of Gerstein’s algorithm [10-14]: n 
parallel spike trains are binned as a sequence of 1s and 
0s if there is a spike or no spike in the bin. A pattern is 
then defined as a vector of channels composed of 0s and 
1s at a given time. The patterns that occur significantly 



more often than when the spike trains are independent 
are retained. 
 Decoding algorithms are also used to study the 
neural representation of an external stimulus: typically, 
a group of neurons is supposed to have encoded part of 
the external stimulus (for instance through spectro-
temporal receptive fields); mathematical functions 
predicting at best the stimulus from the neural 
recordings are then searched. Such approaches mainly 
focused on representation or prediction of movements, 
localizations or visual analysis [15-21]. 

The purpose of this paper is to propose a 
methodology for theoretically estimating the amount of 
information about a set of stimuli, in the Shannon sense, 
contained in single-neuron spikes, single-neuron spike 
bursts, and synchronized firings. Our method, which is 
both a spike-pattern classification method and a 
decoding algorithm, focuses on the time dynamics of 
the synchronized firings through use of their PSTH. We 
apply this method to the ability of small (< 32) neuronal 
groups in cat primary auditory cortex (AI) to code the 
temporal properties of periodic click trains and 
amplitude modulated (AM) noise. 

With this method, we show that most of the 
information about repetition rate or amplitude 
modulation is contained in single-unit spike bursts, or in 
the firings of at most two or three synchronized units, 
suggesting that multiple spike train analysis methods 
should mainly focus on pairs or triplets of neurons. We 
also found that the information carried by synchronized 
multi-channel activity or single-neuron spike bursts is 
not redundant with information carried by single 
channel firings. We show that the activity that is phase-
locked with the stimulus carries on average more 
information about the modulation frequency (MF) than 
firing rate, even if this information does not involve the 
same range of MFs.  
 

2.  Methods 
 
2.1 Analysis of neural assemblies 

The Fig. 1 synthetizes the framework for 
analysis of neural assemblies based on coincident firing. 
Step 1: from P stimuli and N spike-trains, we first 
extract all the temporal patterns of channels that are 
synchronously activated (frequent episodes in event 
sequences, APRIORI algorithm [22-24]. Three rules are 
applied to limit the combinatorial explosion: 
1) a pattern must appear more than d1 times per second; 
2) the pattern must not last more than d2 ms; 
3) the same channel must not appear more than d3 times 
in the same pattern. 
Step 2: the purpose of this step is to extract parameters 
characterizing the average temporal response of patterns 
(extracted in Step 1) to individual stimuli. In the case of 
click trains or AM noise, we use the modulation transfer 
function (MTF) which is the strength of the response of 
a single channel or pattern, as a function of the MF. In 
order to compute MTFs for each pattern, we form its 
Peri-Stimulus Time Histogram (PSTH), which is the 
temporal response of the pattern triggered by the 
stimulus. We then define two types of MTFs for each 
pattern: 1) based on the firing rate (FR) at each MF, i.e. 
the PSTH average: rMTF, and 2) based on the strength 
of phase-locked response to the stimulus: tMTF. To 
estimate the tMTF, we compute, for each MF jf , j 
being the stimulus number, the absolute value of the 
Discrete Fourier Transform (DFT) of the PSTH, 
evaluated at frequency jf . This is the Synchronized 
Firing Rate (SR). 
Step 3: we then compute the matrix of each parameter 
as a function of the 21 different stimulus click-
repetition rates or amplitude-modulation frequencies, 
concatenated for all patterns. In our case, this is the 
matrix of temporal modulation transfer functions 

 
Fig. 1: framework for analysis of neural assemblies based on coincident firing (see methods). 



(MTFs) based on FR and/or SR for all patterns 
available. This matrix allows computing the Mutual 
Information (MI) between the patterns and the stimuli. 
We then use a Forward method to select the patterns 
maximizing the MI. 
Step 4: the maximum MI as well as the patterns 
selected can suggest interpretations about how the 
neural assembly may decode the stimuli. 
 
2.2 Materials 

We use 87 sets of multi-electrode recordings 
obtained from the primary auditory cortex (AI) of 47 
ketamine-anesthetized cats. Each set of recordings was 
obtained with either two arrays of 8 microelectrodes, 
arranged in a 4x2 pattern with 0.5 mm separation 
between electrodes, or two arrays of 16 
microelectrodes, arranged in a 8x2 pattern with 0.25 
mm electrode separation within the row and 0.5 mm 
separation between rows. The arrays were 
independently inserted into the auditory cortex. The 
depth of recording was between 600 and 1,200 μm and 
thus the electrodes were likely in deep layer III or layer 
IV. Finally, we have 87 sets of at most 16 or 32 spike 
trains obtained in response to both periodic click trains 
and AM noise (broadband Gaussian noise with sample 
frequency 97.7kHz). 

 
3. Results 
 

We choose d1 as the maximum of 0.5 per second 
and 15% of the average firing rate of all channels. We 
also choose d2 = 10 ms and d3 = 4. 
 

3.1 Global results: patterns analysis 
 Several parameters may affect the number of 
patterns found for each electrode array. At first, the 
average FR is obviously positively correlated with the 
number of patterns found (Fig. 2A). The number of 
patterns is also proportional to the number of channels 
considered (Fig. 2B), at least up to 16 channels. The 
MF has less influence on the number of patterns (Fig. 
2C). Interestingly, more patterns are generally found 
under evoked conditions (click trains or AM noise) 
compared to the silence condition, a concatenation of 
the 21 two-second silent periods following each click 
train or AM noise burst. 
 The patterns found during silence constitute at most 
85% of those found during stimulation, and the number 
is independent of the MF. For any MF, click trains and 
AM noise generate the same patterns only in 60% of the 
cases (unshown results).  
 Surprisingly, the patterns found during stimulation 
with AM noise are larger than during stimulation with 
click trains (Fig. 2D), i.e. are frequently composed of 
more channels or more repetitions (bursts) of the same 
channels. 
 The proportion of patterns that are only composed 
of contributions from different channels decreases with 
the size of the pattern (Fig. 2EF). In other words, large 
patterns tend to be mainly composed of repeated 
activity from the same channels. This indicates that 
temporal sequences with activity from more than 3 
recording sites out of 16 or 32 channels are not 
occurring consistently. The typology of patterns is also 
not very different for click trains and AM noise. 
 

 

 
Fig. 2: statistical analysis of patterns extracted. (A,B,C): Influence on the number of patterns found for each set of 
recordings of (A) average single channel firing rate, (B) the number of single channels considered, and (C) the MF of the 
click trains or the AM noise as well as for silence. In (A), all MFs are included. (D): Number of patterns studied as a 
function of their size for click trains and AM noise. (E,F): Distribution of the channels contributing to each pattern as a 
function of the size of the pattern in response to (E) click trains and (F) AM noise. All the MFs for click trains and AM 
noise, as well as silence are included. The sequence of numbers represents the number of repeats of one or several 
channels within the pattern. As an example, 221 stands for a pattern of size 5 that is of the type (Ci,Ci,Cj,Cj,Ck), i.e., 
with channel Ci contributing twice, channel Cj contributing twice, and channel Ck contributing once in any sorting.  



3.2 Global results: Modulation Transfer Functions 
 Most Best Modulation Frequencies (BMFs, peak 
frequency of the MTF) obtained from either rMTF (FR 
of the pattern as a function of the modulation 
frequency) or tMTF (same for SR) for click trains or 
AM noise are within the interval [4-16] Hz (Fig. 3AB). 
For the FR condition, more than 20% of patterns show a 
BMF>32Hz in response to AM noise compared to 5% 
in response to clicks. Moreover, there are no patterns 
showing a best synchronization rate at MF>16 Hz in 
response to either clicks or AM noise. Consequently, 16 
Hz can be considered as a cut-off frequency for the 
phase-locked response in primary auditory cortex of 
anaesthetized cats. Finally, BMFs found in response to 
clicks are slightly higher than those found under AM 
noise (Mann-Whitney test, p<0.05). 
 The degree of phase-locking or synchronization 
(estimated by the vector strength equal to the SR 
divided by the FR) reaches a peak around a MF of 8 Hz 
for neural response to click trains (Fig. 3C) and this 
peak is sharper for larger patterns. This means that 
complex patterns appear more likely at the time of the 
click, i.e. are stimulus triggered. The triggering effect of 
the stimulus is less visible for AM noise than for click 
trains. 
 
3.3 Global results: Optimal patterns 
 Optimal patterns are those for which rMTF or 
tMTF was selected by the Forward Selection algorithm, 
i.e. the most informative ones. The simplest patterns, 
composed of, possibly repeated, activity of a single 
channel, represent 77.1% (click trains) and 81.4% (AM 
noise) of the total number of optimal patterns. No 
pattern size larger than 5 or including more than 3 
different channels generates an optimal MTF (Fig. 4A).  

 The increase in MI decreases with the size of 
patterns (Fig. 4B). The increase in MI obtained when 
including patterns of size > 3 never exceeds 10% at 
most. 
 The average of optimal MTFs (Fig. 4CD) reveals 
that FR-based code is more efficient to discriminate 
high MFs than SR-based one. 
 Generally, SR (tMTFs) contains more information 
about the MF than FR (rMTFs), whatever the stimulus 
(Fig. 4E). Similarly, the association of tMTF and rMTF, 
i.e. using both types of codes, allows an even better 
discrimination of the MF (Fig. 4F). 
 The number of optimal MTFs is little correlated 
with the number of MTFs considered (Fig. 4GH). In 
most cases, less than eight optimal MTFs are needed to 
reach the maximum MI. Given the similar properties of 
MTFs in general and given that unselected patterns 
represent 95 to 99% of total patterns, this suggests that 
there is a huge redundancy among the responses to 
temporal modulations (click trains or AM noise).  
 The optimal MTFs are not the same for stimulation 
with click trains and AM noise: only 11.6% of the 
optimal MTFs are shared by both stimuli (unshown 
result). 
 We have no way of knowing how the optimal 
MTFs or even all the MTFs, which describe the 
sensitivity of associated patterns to periodic sounds, are 
actually used in the process of categorizing a sound as a 
function of its temporal features. However, the values 
of MI after maximization (Fig. 4BEF) indicate that MF 
is at best poorly coded by FR and SR even when all 
single channels or combinations between channels are 
used.  
 Generally, the fact that some parameters are more 
efficient than some others to code a given stimulus (like 

 
Fig. 3: statistical analysis of MTFs extracted. (A,B): Best Modulation Frequencies (BMFs) of each MTF obtained from 
(A) firing rate and (B) synchronization rate in response to clicks (solid line) and AM noise (dash line). (C,D): Mean of 
the percentage of spikes phase-locked to (C) the click train and (D) the AM noise as a function of the MF, for patterns 



SR compared to FR in our study) may lead to the 
extrapolation that the brain might be using a version of 
this parameter, even modified, to actually code the 
stimulus. The result may give a direction to future 
investigations, but is not a physiological proof of the 
actual mode of processing in the brain.  
 
 
 
 
 

4.  Conclusion 
 
 In our study, the use of PSTHs constructed from 
temporal patterns involving one or more recording 
channels provides an insight in the statistics of temporal 
dynamics among sets of neurons. The combinatorial 
explosion is a problematic issue but for now it remains 
the main way to investigate real brain processing. Our 
results indicate that the information carried by pairs of 
neurons or short bursts is not completely redundant with 
that carried by single neurons. There is no clear 

 
Fig. 4: statistical analysis of optimal patterns. (A): percentage of optimal patterns of each type relative to the number of 
initial MTFs indicated on the top of each bar. The types of the patterns are the same as those considered in Fig. 2. (B): 
Boxplots of increase of MI when patterns of size ≤s are included compared to the MI reached when patterns of size ≤ s-1 
are only considered. (C,D): average optimal MTFs for (C) click trains and (D) AM noise. Each optimal MTF had been 
rescaled such that its sum over the MFs is equal to 1. (E,F): Maximal MI decoded by FR or SR based codes. (E): MI 
contained in tMTF as a function of MI contained in rMTF. (F): MI contained in tMTF and rMTF as a function of MI 
contained in the only tMTF. The dashed line is the diagonal. (G,H) number of MTFs maximizing the MI with the stimuli 
as a function of the number of MTFs (FR and SR taken into account) considered for (G) click trains and (H) AM noise. 
The dotted line represents a nonlinear regression of logarithm of data in abscissa (window=0.5). A logarithmic scale is 
used in the abscissa. 



evidence that the synchronized firings of more than two 
or three channels are more efficient to discriminate MFs 
than single channels or pairs of channels, at least 
between isolated neuron groups sampled by recording 
arrays. 
 We believe that the four-step framework described 
here (pattern extraction, PSTHs computation, 
parameters estimation, MI maximization) is not specific 
to our study and can be applied to other auditory stimuli 
like vocalizations or tones, or other types of sensory 
stimuli, maybe by using other parameters in addition to 
FR or SR. This may lead to potential identification of 
crucial parameters efficiently coding sensory stimuli. 
 
References 
 
[1] Hebb, D., The organization of behavior. 1949: 
Wiley. 
[2] Dayhoff, J.E., Synchrony detection in neural 
assemblies. Biol Cybern, 1994. 71(3): p. 263-70. 
[3] Abeles, M., Role of the cortical neuron: 
integrator or coincidence detector? Isr J Med Sci, 1982. 
18(1): p. 83-92. 
[4] Softky, W.R. and C. Koch, The highly 
irregular firing of cortical cells is inconsistent with 
temporal integration of random EPSPs. J Neurosci, 
1993. 13(1): p. 334-50. 
[5] Diesmann, M., M.O. Gewaltig, and A. 
Aertsen, Stable propagation of synchronous spiking in 
cortical neural networks. Nature, 1999. 402(6761): p. 
529-33. 
[6] Kimpo, R.R., F.E. Theunissen, and A.J. 
Doupe, Propagation of correlated activity through 
multiple stages of a neural circuit. J Neurosci, 2003. 
23(13): p. 5750-61. 
[7] Gerstein, G.L., D.H. Perkel, and K.N. 
Subramanian, Identification of functionally related 
neural assemblies. Brain Res, 1978. 140(1): p. 43-62. 
[8] Gerstein, G.L. and K.L. Kirkland, Neural 
assemblies: technical issues, analysis, and modeling. 
Neural Netw, 2001. 14(6-7): p. 589-98. 
[9] Brown, E.N., R.E. Kass, and P.P. Mitra, 
Multiple neural spike train data analysis: state-of-the-art 
and future challenges. Nat Neurosci, 2004. 7(5): p. 456-
61. 
[10] Pauluis, Q. and S.N. Baker, An accurate 
measure of the instantaneous discharge probability, 
with application to unitary joint-even analysis. Neural 
Comput, 2000. 12(3): p. 647-69. 
[11] Grün, S., M. Diesmann, and A. Aertsen, 
Unitary events in multiple single-neuron spiking 
activity: I. Detection and significance. Neural Comput, 
2002. 14(1): p. 43-80. 
[12] Gütig, R., A. Aertsen, and S. Rotter, Analysis 
of higher-order neuronal interactions based on 
conditional inference. Biol Cybern, 2003. 88(5): p. 352-
9. 
[13] Roy, A., P.N. Steinmetz, and E. Niebur, Rate 
limitations of unitary event analysis. Neural Comput, 
2000. 12(9): p. 2063-82. 
[14] Grammont, F. and A. Riehle, Precise spike 
synchronization in monkey motor cortex involved in 

preparation for movement. Exp Brain Res, 1999. 128(1-
2): p. 118-22. 
[15] Warland, D.K., P. Reinagel, and M. Meister, 
Decoding visual information from a population of 
retinal ganglion cells. J Neurophysiol, 1997. 78(5): p. 
2336-50. 
[16] Brown, E.N., et al., A statistical paradigm for 
neural spike train decoding applied to position 
prediction from ensemble firing patterns of rat 
hippocampal place cells. J Neurosci, 1998. 18(18): p. 
7411-25. 
[17] Barbieri, R., et al., Dynamic analyses of 
information encoding in neural ensembles. Neural 
Comput, 2004. 16(2): p. 277-307. 
[18] Georgopoulos, A.P., A.B. Schwartz, and R.E. 
Kettner, Neuronal population coding of movement 
direction. Science, 1986. 233(4771): p. 1416-9. 
[19] Stanley, G.B., F.F. Li, and Y. Dan, 
Reconstruction of natural scenes from ensemble 
responses in the lateral geniculate nucleus. J Neurosci, 
1999. 19(18): p. 8036-42. 
[20] Wessberg, J., et al., Real-time prediction of 
hand trajectory by ensembles of cortical neurons in 
primates. Nature, 2000. 408(6810): p. 361-5. 
[21] Zhang, K., et al., Interpreting neuronal 
population activity by reconstruction: unified 
framework with application to hippocampal place cells. 
J Neurophysiol, 1998. 79(2): p. 1017-44. 
[22] Agrawal, R. and R. Srikant. Fast Algorithms 
for Mining Association Rules. in Proc. 20th Int. Conf. 
Very Large Data Bases, VLDB 1994. 
[23] Agrawal, R. and R. Srikant. Mining Sequential 
Patterns. in Eleventh International Conference on Data 
Engineering 1995. 
[24] Mannila, H., H. Toivonen, and A.I. Inkeri 
Verkamo, Discovery of Frequent Episodes in Event 
Sequences. Data Mining and Knowledge Discovery, 
1997. 1: p. 259–289. 
 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /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 <>
    /PTB <>
    /SUO <>
    /SVE <>
    /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.)
  >>
  /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 [612.000 792.000]
>> setpagedevice


