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Abstract — Clinical monitoring and pharmaceutical phase-
one studies require feature extraction from the ECG signal in
order to evaluate the state of a patient’s heart. Automatic
annotation of the characteristic ECG waveforms (or so-called
delineation) is therefore of great interest. Hidden Markov
Models (HMM) coupled to wavelet transforms (WT) of the
ECG signal offer significant improvements over standard
heuristic delineation methods. Nevertheless, the choice of the
WT parameters remains empirical rather than data-driven. In
these conditions, suboptimal parameters for the WT may
degrade the results very much. In this paper, an algorithm for
the optimal selection of the WT parameter values is
introduced. The model complexity is strongly reduced and the
algorithm can adapt itself to the specificities of each ECG
signal while avoiding redundancy, noise and useless
information. Evaluation on recordings from the public MIT-
QT database leads to results higher than with state of the art
methods.
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Wavelet Transform, Stepwise forward selection, MIT QT
Database.

1. INTRODUCTION

The electrocardiogram (ECQG) signal is a powerful non-
invasive source of information on the clinical condition of
patients. It is a measure of the electrical activity associated
with the heart; the signal is characterized by a time-variant
cyclic occurrence of patterns with different frequency
contents (QRS complexes, P and T waves). The P wave
corresponds to the contraction of the atria, the QRS
complex to the contraction of the ventricles and the T wave
to their repolarization. During clinical monitoring or phase-
one evaluation studies of new drugs, measurements
pertaining to these characteristic ECG waveforms are used
to assess the state of a patient’s heart. For example, an
abnormal prolongation of the time between the Q point and
the end of the T wave (QT interval) indicates an increased
risk of sudden cardiac death [1].

The annotation (or so-called delineation) of the
characteristic ECG waveforms on the digitalized signal is
therefore of great interest. On the other hand, manually
analyzing long-term ECGs is a time consuming process and

it can lead to errors and misinterpretations. Automatic
computer-aided annotation of the ECG signal can thus
greatly help physicians in their diagnosis. However, it is a
difficult task in real situations. First, the physiological
variations due to the patient and his disease make of the
ECG a non-stationary signal. Second, the time interval
between successive waveforms is varying with time. Third,
many sources of noise pollute the ECG signal, such as
power line interferences, muscular artifacts, poor electrode
contacts and baseline wanderings due to respiration. These
problems highly compromise the effective delineation of the
signal, especially with real-life signals such as ambulatory
recordings.

In this paper, a robust algorithm for automatic ECG
delineation is introduced. In order to deal with the issues
listed above, it is based on a strong signal pre-filtering step
by wavelet transform. Subsequent detection of the
characteristic ECG waveforms is then achieved by a
probabilistic modeling approach learning a model from
expert annotated data. Our contribution consists in the
development and testing of an automatic supervised
procedure for the optimal settings of the wavelet transform
parameters.

The remainder of this paper is structured as follows.
After this introduction, Section 2 gives a brief account of
the literature about the state of the art in ECG delineation.
Section 3 provides a theoretical summary of the machine
learning methods used in this work. Section 4 introduces the
methodology followed by the algorithm and Section 5
shows the results obtained on a real public database.

11. STATE OF THE ART

Standard approaches to automatic ECG delineation
attempt to find the characteristic points in a number of
successive steps by using threshold methods and heuristic
rules such as slope criterions. These methods require the
setting of many empirical parameters and are very sensitive
to noisy waveforms or changes in wave morphology [2].
Furthermore, these methods have been proven unreliable
even on clean recordings [3]. As a result, interval
measurements are usually performed manually by experts.
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In order to circumvent these issues, probabilistic
modeling approaches and especially hidden Markov models
(HMMs) have been introduced for ECG delineation [4,5].
The ECG signal can be viewed as the result of a generative
process, where each waveform is generated by a particular
state of the heart, this state being hidden to the observer.
The cardiological process is sequential, and each state is
solely dependent on the previous state. HMMs are naturally
appropriate for modeling this kind of process [6].

HMMs offer significant improvements over heuristic
methods. First, they are data-driven models, thus able to
learn the statistical properties of each waveform by using
annotations provided by experts on a small signal sample.
Second, they provide the ability to incorporate prior
knowledge about the problem such as the sequential
occurrence of waveforms but also about their statistical
properties. Third, efficient algorithms exist for HMMs
training and testing.

However, it is only recently that the choices of the ECG
representation and of the HMMs architecture have been
investigated in order to obtain high delineation
performances [2]. In particular, the multi-dimensional signal
decomposition by wavelet transform (WT) highly improves
the delineation performances [2,7].

Until now, the choice of the WT parameter values was
made empirically and was not automatically adapted to each
dataset’s characteristics. Nevertheless, each patient and each
recording situation may lead to different signal
morphologies and suboptimal parameter values for the WT
may degrade the results very much [8,9].

In this paper, a supervised optimal selection of the WT
parameters for subsequent robust modeling of the ECG
sequence by HMMs is introduced.

I11. THEORETICAL BACKGROUND

This section provides a brief theoretical introduction to
HMMs and the continuous wavelet transform (CWT). A
more detailed description can be found respectively in [6]
and [10] for example.

A. Hidden Markov models

Since their development in the late 1960s, HMMs have
proven to be a powerful and flexible class of statistical
models for describing many different kinds of sequential
data. Let H = <4,B,5,¢> be a finitt HMM describing the
statistical relationship between an observable sequence O
and an unobservable or hidden sequence S. Parameter s is
the set of hidden states {s;, s,..., s,}. Parameter 4 is the
state transition matrix with a;=P(S;;+,=s/|S=s;). Parameter B
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contains the emission probability distributions {b;, b, ...,
b,} for each state, such that b(o) = P(O=0jS7s)).
Parameter ¢ is the initial state probabilities, with ¢, =
P(S;=s;). The standard assumption in HMMSs is that
observation values within a given state are defined as being
independent and identically distributed (i.i.d.). In the case of
supervised learning, the annotated sample can be used to
estimate the parameters.

H thus defines a joint probability distribution P(O,S|1)
with 2={S, 4, B, q} over the hidden state sequences S and
the observation sequences O. One of the most important
tasks in HMM s is to infer the most likely sequence of states
given a sequence of observation,

S* =arg max {P(S |0, 1) } (3)

Using Bayes’ rule, equation 3 simplifies to finding the
state sequence S* which maximizes the joint distribution
P(O,S]2). This problem is solved by the Viterbi algorithm

[11].

B. The continuous wavelet transform

The continuous wavelet transform (CWT) is a time-
frequency decomposition of a signal by the convolution of
this signal with a so-called wavelet function. A wavelet
function y(t) is a function with several properties: it must
have a zero mean and square norm one. From a wavelet
function, one can obtain a family of time-scale waveforms
by translation b and scaling a,

Y, , ()= [ﬂj,a=2k,ke R,beR. 4)
a

1
—Y
Ja
When a=1 and b=0, the wavelet is called the mother

wavelet. The wavelet transform of a function x(?) is a
projection of this function on the wavelet basis {vy,;}

T(a.b)=["x()¥,, (). )

The CWT is a suitable tool for ECG analysis because of this
time-frequency representation of the signal [2]. With the
multi-scale feature of WTs, the different characteristic ECG
waveforms can be distinguished over noise, baseline drift,
and artifacts. The important time course of the non-
stationary ECG signal is preserved. Moreover, efficient
implementations of the algorithm exist and a low
computational complexity is required, allowing real-time
analysis.
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IV. METHODOLOGY

In order to represent the dynamic of the ECG sequence, a
purely sequential HMM is defined with the five following
hidden states: (1) P wave, (2) baseline 1, (3) QRS wave, (4)
T wave and (5) baseline 2. Figure 1 shows the graphical
representation of the HMM.
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Fig. 1 Graphical representation of the HMM for ECG delineation

Due to the non-stationarity of the ECG signal and the
presence of many sources of noise and artifacts, a strong
pre-filtering step by CWT is required prior to modeling.
State of the art performances are obtained by using a Coiflet
mother wavelet with two vanishing moments and by using
all the consecutive dyadic decomposition scales
corresponding to the characteristic frequencies of the ECG
signal (being scales 1 to 7 in this case) [2,7]. The sequence
of observations O is thus made of the multi-dimensional
WT coefficients and the hidden state sequence S is made of
the state values associated to each point of O.

Until now, the choice of the mother wavelet and of the
decomposition dimensions is left to empirical choice.
However, these parameters may be of great influence on the
results. First, the delineation performances degrades when
too many decomposition dimensions start to be included in
the model; wavelet scales corresponding to noise and
baseline drift, which were intended to be filtered, start to be
added to the model. Second, choosing too many dimensions
may lead to a model complexity that is excessively high
compared to the available training samples. Third, including
the set of all consecutive dyadic scales from one to seven in
the model may lead to redundancy or useless information.
Finally, each patient and each recording situation may lead
to different signal morphologies and may therefore require
different mother wavelets [8,9].

As a solution to these issues, the available training
samples can be used for a supervised selection of the
optimal combination of mother wavelets and of their
decomposition scales. More formally, the CWT is computed
at a set of consecutive dyadic scales for several mother
wavelets. Each item of the set is a signal corresponding to
the WT at a specific scale of a particular mother wavelet.
The full set of items is then provided as input to an iterative
stepwise forward selection procedure to select the best
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subset of items. The selection procedure involves starting
with an empty subset, trying out at each step the trial items
one by one and including them to the model if a given
criterion value is improved. The procedure stops when no
item left in the set can improve the criterion value. In
addition, at each step, the items previously selected are
individually challenged: if their removal does not decrease
the criterion value, the item has become useless and is
therefore removed from the model. Multiple wavelets can
thus be incorporated in the model, better reflecting each
dataset’s characteristics. Also, only their informative scales
are included, avoiding redundancy, noise and useless
information.

V. EXPERIMENTS AND RESULTS

The assessment of performances is achieved using the
benchmark public QT database from Physionet, designed
for evaluation of algorithms that detect waveform
boundaries in the ECG [12]. Waveform boundaries for 30
beats have been manually determined by expert annotators
in each recording of the database. A wide variety of ECG
morphologies and pathologies are represented, and the ten
recordings corresponding to normal sinus rhythm were used
in this work, for a total of 300 annotated beats.

For each recording, the performances are evaluated using
a 5S-fold cross-validation procedure after range
normalization of the signal and random permutation of the
beats. Specifically, for each fold of the cross-validation
procedure, the four other folds (defined as the training set)
are used to learn the model’s parameters and the current
selected fold serves as an independent performance measure
(the test set). Taking advantage of these available training
samples, the criterion used by the forward procedure is the
correct classification rate on this training set. It is defined as
the average number of points of the training set correctly
classified by the Viterbi algorithm.

The transition matrix 4 is estimated from the training set,
and the assumption is made that the model always starts in
state 1 (the P wave), therefore avoiding parameter g.

A Gaussian mixture model (GMM) for the probability
distributions b, has previously been found to be the most
efficient emission choice [2]. Regardless of the great
performances, a k-components mixture of d-dimensional
Gaussian requires the estimation of
k-1+(kxd)+(kxd)/2x(1+d) free parameters. If k=5 and d=7,
the number of free parameters is equal to 179. If k=10, this
number raises to 359. In practice, it is rare to have enough
annotated ECG samples for the estimation of so many free
parameters, because manual annotation is an expensive
process. If there are not enough training data, then the
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model order should be reduced. For this reason, the
observations probability models are set to multidimensional
Gaussian models in this work, thus avoiding the complexity
problem induced by GMMs and the reliability of the
estimations when too few annotated samples are available.

The Viterbi algorithm is used to solve equation 3 and
obtain the most likely sequence of states for the test set.

Table 1 shows the results on the 10 recordings of the
database. Three models are compared. The first one is an
HMM on the raw data, with no WT pre-filtering step. The
second one is the state of the art model, using a coif2
wavelet and dyadic scales from 1 to 7. The third one is our
algorithm, with a stepwise forward selection of the optimal
wavelets and scales. First column reports the classification
rate, defined as the percentage of points being classified in
the correct state. Column two shows the double beat
detection rate, defined as the number of times that the
model incorrectly infers two or more heartbeats where there
is only one beat present in a particular region of the ECG
signal. The results are averaged on each fold of the cross-
validation procedure for the 10 datasets.

Table 1: Results on 10 recordings from the MIT QT database

Model Delineation Double beats
Raw data 70.1% 41%
Fixed parameters 93.4% 4.1%
Forward selection 94.7% 3.7%

From these results, the need of using a pre-filtering step
by WT step is clearly demonstrated. The delineation results
on raw data are very poor, and the double beat segmentation
rate is problematic. Compared to a WT with a priori fixed
parameters, the supervised selection improves the results
and decreases the double beat segmentation rate. In
addition, the improvements are expected to be much more
pronounced on datasets with physiological variations. Still,
it is important to note that the major drawback in HMMs is
the lack of duration constraints, which causes most of the
delineation errors and of the double beat segmentations.

V1. CONCLUSION

HMMs offer significant improvements over heuristic
delineation methods in order to model the sequential
cardiological process. Also, the multi-dimensional signal
decomposition by WT can naturally be incorporated into
HMMs and clearly improves the delineation performances.
Nevertheless, wrong empirical parameters settings for the
WT can degrade the results.
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In this work, a stepwise forward selection procedure is
introduced in order to automatically select the optimal WT
parameters. Multiple mother wavelets can be incorporated
in the model, and only the optimal decomposition scales are
included. The model complexity is strongly reduced, and
the algorithm can adapt itself to each dataset’s specificities
while avoiding redundancy, noise and useless information.
Experiments on sinus rhythm recordings from the public
MIT QT database yield an average correct delineation rate
of 95% which is better than the results obtained with state-
of-the-art methods.

Further work will include the use of semi hidden Markov
models and include the modeling of durations.

ACKNOWLEDGMENTS

G. de Lannoy is funded by a Belgian F.R.I.A. grant. This
work was partly supported by the Belgian “Région
Wallonne” ADVENS 4994 project.

REFERENCES

1. Laakso M, Aberg A, Savola J, Pentikdinen PJ and Pyorild K (1987)
Diseases and drugs causing prolongation of the QT interval.
American journal of Cardiology, 59(8), pp 862-5

2. Clifford G. D., Azuaje F. and McSharry P. E. (2006) Advanced
Methods and Tools for ECG Data Analysis. Artech House Publishing,
Boston/London.

3. Malik M. (2004) Errors and misconceptions in ECG measurement
used for the detection of drug induced QT interval prolongation.
Journal of Electrocardiology, 37, pp 25-33

4. Coast D.A., Stern RM., Cano G.G. and Briller S.A. (1990) An
approach to cardiac arrhythmia analysis using hidden Markov models.
IEEE Transactions on Biomedical Engineering, 37(9), pp 826-836

5. Koski A. (1996) Modeling ECG signals with hidden Markov models.
Artificial Intelligence in Medicine, 8(5), pp 453-471

6. Rabiner L.R. (1989) A Tutorial on Hidden Markov Models and
Selected Applications In Speech Recognition. Proceedings of the
IEEE, 77(2), pp 257-286

7. Hughes N., Tarassenko L. and Roberts S. (2004) Markov Models for
Automated ECG Interval Analysis, Advances in Neural Information
Processing Systems (NIPS), 16

8. Singh B. N., Tiwari A. K. (2006) Optimal selection of wavelet basis
function applied to ECG signal denoising. Digital Signal Processing,
16(3), pp 175-287

9. Addison P.D. (2005) Wavelet Transform and the ECG: A Review.
Physiological Measurements, 25, 155-199

10. Mallat S. (1999) A Wavelet Tour Of Signal Processing (Wavelet
Analysis And Its Applications). IEEE Press, San Diego

11. Forney, G. D. (1973) The Viterbi Algorithm. Proc. of the IEEE, 61,
pp 268-278.

12. Goldberger A. L., Amaral L. A. N., Glass L., Hausdorff J. M., Ivanov
P. Ch.,, Mark R. G., Mietus J. E., Moody G. B., Peng C.-K. and
Stanley H. E. (2000) PhysioBank, PhysioToolkit, and PhysioNet:
Components of a New Research Resource for Complex Physiologic
Signals. Circulation, 101(23), pp 215





<<
  /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 /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize 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 /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 290
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /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 290
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /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 800
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /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 <>
    /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


