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Abstract With the rapid development of next gen-
eration deep sequencing technologies, sequencing cDNA
reverse-transcribed from RNA molecules (RNA-Seq) has
become a key approach in studying gene expression and
transcriptomes. Because RNA-Seq does not rely on an-
notation of known genes, it provides the opportunity of
discovering transcripts that have not been annotated in
current databases. Studying the distribution of RNA-
Seq signals and a systematic view on the potential new
transcripts revealed from the signals is an important step
toward the understanding of transcriptomes.

Keywords RNA-Seq, novel transcripts, next genera-
tion sequencing, bioinformatics

1 Introduction

Gene expression or the transcription from DNA to RNA
is the primary step in transferring information encoded
in genes to corresponding functional units. Expression
levels of difference genes, defined as the relative abun-
dance of RNA transcripts, are of a wide range. In some
recent researches, people found that there were a pro-
portion of transcripts which did not come from known
gene regions [1,2]. Besides quantifying expression levels
of known genes, it is also crucial to study those tran-
scription events without known gene annotations and
investigate their behaviors.

Several approaches have been developed since the
1990s to measure the abundance of many genes simul-
taneously. The well-known DNA microarray technology

Received March 23, 2011; accepted April 12, 2011

Chao YE, Linxi LIU, Xi WANG, Xuegong ZHANG (@)

Key Laboratory of Bioinformatics and Bioinformatics Division,
Ministry of Education, Tsinghua National Laboratory for In-
formation Science and Technology/Department of Automation,
Tsinghua University, Beijing 100084, China

E-mail: zhangxg@tsinghua.edu.cn

is a typical example of such technologies [3]. However,
microarrays need to know gene structure and sequences
in the design of their probes, which limits their appli-
cation just on known genes. Benefiting from the rapid
development of next generation sequencing (NGS) tech-
nologies [4,5], the newly emerging RNA-Sequencing (or
RNA-Seq) is becoming a major technology to quantify
transcript abundance levels at high resolution without
prior gene annotation [6]. Typical NGS technologies in-
clude Roche/454, Tllumina/Solexa and AB/SOLID.

The typical protocol of RNA-Seq experiments is as fol-
lows. RNA molecules of interest are first extracted from
total RNA in cells. Then they are sheared into RNA frag-
ments. RNA fragments are reverse transcribed to cDNA
by random priming. After cDNA amplification and size
selection, cDNA libraries are prepared for sequencing
experiments on NGS platforms. The resulting data are
short reads of DNA sequences randomly sampled from
the amplified fragments. They are usually stored as short
reads in FASTQ format for further data processing and
analysis [7].

Many RNA-Seq experiments and data have already
been published since 2008. Applications of RNA-Seq in-
clude the study of gene expression at mRNA levels [8,9],
the study of microRNAs if the RNA fragments are fil-
tered to only include the short ones [10], the study of
alternative splicing [11,12], and inference of isoform ex-
pressions for alternatively spliced genes [13], etc. Among
them, identifying novel transcripts that have not been
annotated in existing databases is an important task. It
can reveal previously unknown protein-coding or non-
coding transcripts present at certain cells, which might
imply important biological functions. For this purpose,
we developed an RNA-Seq data processing protocol and
conducted a series of experiments on two published
RNA-Seq datasets and identified two sets of putative
novel transcripts. The experiments highlighted observa-
tions that are useful for studying potential novel tran-
scripts from RNA-Seq data.
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2 Methods

2.1 RNA-Seq reads mapping

The first step after obtaining the RNA-Seq reads
data is to map the short reads back to the reference
genome. For RNA-Seq data on human samples, we
use the human genome data from the UCSC website
(http://genome.ucsc.edu) as the reference genome. For
DNA reads, several mapping algorithms have been de-
veloped to map them back to the genome, and sev-
eral software packages have been published, such as
BFAST [14], Bowtie [15], and MAQ [16]. For RNA-Seq
data, reads come from part of genome rather than the
whole. Some post-transcriptional processing of RNAs
like splicing in eukaryotes introduces RNA sequences
that are not from any single location of the genome,
but rather from junctions of distant parts. These fea-
tures make the task of RNA-Seq reads mapping dif-
ferent and more challenging than DNA reads mapping.
There are several software packages available for RNA-
Seq reads mapping, such as TopHat [17], SpliceMap [18],
and MapSplice [19]. We chose TopHat (version 1.1.1)
(http://tophat.cbcb.umd.edu/) in our protocol. It uses
the same core algorithm of Bowtie that is one of the
fastest algorithms for aligning short reads and is also
memory-efficient. It indexes the human genome with a
Burrows-Wheeler index [20] to make the algorithm effi-
cient [15]. It can also identify junction reads that come
from spliced exons. It is one of the most widely used
tools for RNA-Seq mapping that does not rely on given
annotations. In the mapping, a certain number of mis-
matched nucleotides are allowed as there may be errors
in the sequencing data and also there may be polymor-
phisms in RNA sequences. In our experiments reported
in this paper, we allowed for up to 2 mismatches in each
alignment.

After mapping RNA-Seq reads back to the refer-
ence genome, we get the following information for each
read: whether it can be mapped to any particular lo-
cation on the reference genome, which chromosome
it is mapped to and the mapping coordinate on the
chromosome, whether it is uniquely mapped or has
multiple mapping locations, how many mismatch nu-
cleotides are found in the mapping, etc. All these results
would be written in one of the standard formats includ-
ing SAM, BAM [21], BED or GTF. The information
about file formats can be found at http://genome.ucsc.
edu/FAQ/FAQformat.html. Figure 1 gives an example
of the SAM format we used in our experiments.
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Fig. 1 Mapped result in SAM format. (The fields are split by
tabs. Here we list these fields in row. Row 1 to row 12 is a read
record and row 14 to row 25 is another one. These fields are: read
name, bitwise flag contained the information about the read and
its mapping result, chromosome, 1-based leftmost position in plus
strand, mapping quality, extended CIGAR string (here are two
popular types: 50 M means read length is 50 bp, 33M757N17M
means it is a junction read combined with a 33 bp and a 17 bp
fragment, distance between their mapped position is 757 bp), mate
reference sequence (“=" means mate one were mapped in the same
chromosome, “*” means there is not read mated with it), 1-based
leftmost mate position in plus strand, distance between two mate
reads (0 indicated that there was not mated read), sequence, qual-
ity of sequencing of each nucleotide (ASCII-33 format), and op-
tional fields.)

2.2 Strategy for discovering novel transcripts

RNA-Seq reads are random samples from transcribed
genomic regions. To identify the regions that are tran-
scribed, we merge mapped reads into longer transcrip-
tion fragments if reads are overlapping or the spacing
of two neighboring reads are less than a given thresh-
old. We call the genomic region formed in this way as
“transfrag”. The next step is to identify which of these
transfrags are from known genes. We get, the genome an-
notation from the UCSC website. There are three major
types of annotations for the human genome: RefSeq, En-
semble, and Gencode. RefSeq is a database constructed
by the National Center for Biotechnology Information
(NCBI) [22]. It provides a complete collection of val-
idated human genes. Ensemble annotation came from
the Ensemble project [23] and Gencode annotation was
built by ENCODE (the encyclopedia of DNA elements)
[24]. These two annotations also include some predicted
genes. We extracted the 5’ location and 3’ location of
each annotated gene with all three types of annotations,
and formed the table of genomic regions corresponding
to known genes. All transfrags are checked with these
regions, and those that overlap with any gene region are
regarded as transcripts from known genes. Those trans-
frags that do not overlap with any of the known gene
regions are regarded potential novel transcripts. Some of
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them contain very few reads and may be due to sequenc-
ing noise or transcription noise. We can set a threshold
to exclude those transfrags. We can also use some extra
criteria to select transfrags according to their length and
distance from known genes as putative novel transcripts
for further investigations.

Following the random sampling model, the number
of reads that are from a known gene region or a trans-
frag is affected by the expression level (abundance of the
RNA transcript), the length of the region, and the se-
quencing depth (or the total number of reads obtained
on the whole sample). We adopted the RPKM method
to estimate the expression level of a gene or of a poten-
tial novel transcript. RPKM represents reads per kilo
bases per million reads [7] and is the most widely used
estimation for gene expression. After calculating the ex-
pression of transfrags, if the study involves two or more
samples, we can detect differentially expressed transfrags
with DEGseq, a software tool we developed earlier [25].

After finding some potential novel transcripts with
high expression or differential expression between com-
pared samples, we can use the UCSC Genome Browser
[26] or visualization tools like integrative genomics
viewer (IGV, http://www.broadinstitute.org/igv) [27] to
further investigate the details of the read distribution.

2.3 Data

We chose two published RNA-Seq datasets in this ex-
periment. They are datasets GM12878 and K562 from
the ENCODE project. Dataset GM12878 was from
lymphoblastoid samples. It contains 23416325 reads.
Dataset K562 was from leukemia samples and it has
20871303 reads. Both datasets were obtained with the
Nlumina/Solexa platform. Read length in both datasets
was 75 bp paired-end. We did not use the paired infor-
mation in this experiment. For better quality, we only
used the first 50 bp in each read in our experiments as
the sequencing errors increase when reads are longer [4].
The reference human genome we used is hgl8 (build 36,
March 2006).

3 Results

Figure 2 gives the proportion of mapped and unmapped
reads in the two datasets. We can see that although
we allowed for two mismatches when we map the 50
bp reads to the reference genome, there are still almost
1/3 of the total reads that cannot be mapped. We can
also observe that when the read length is short, junction
reads only compose a small proportion of all the reads.
Therefore, we did not use junction reads information in
our discovery for possible novel transcripts.

On dataset GM12878, 40.1%, 13.9%, and 50.7% of
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Fig. 2 Percentage of junction reads, uniquely mapped reads,
multiply mapped reads, and unmapped reads in datasets GM 12878
and K562. (a) GM12878; (b) K562

the mapped reads fall into intergenic regions according
to the gene annotation of RefSeq, Ensemble, and Gen-
code, respectively. We used the threshold of 50 bp when
merging mapped reads into transfrags. With this setting,
we obtained a total of 782397 transfrags. Among them,
21.4%, 21.6%, and 38.6% fall into intergenic regions ac-
cording to the RefSeq, Ensemble, and Gencode anno-
tations, respectively. Taking the intersection of these
transfrags, we got 119808 transfrags (15.3%) as potential
novel transcripts.

The same procedures were applied on dataset K562.
The total number of transfrags was 843260. There were
38.3%, 15.7%, and 50.7% mapped reads and 29.8%,
29.4%, and 43.4% transfrags falling into intergenic re-
gions according to the RefSeq, Ensemble, and Gencode
annotations, respectively. Also, we got 191426 transfrags
(22.7%) as potential novel transcripts.

We studied the length distribution of the obtained po-
tential novel transcripts, and compared them with trans-
frags located in known gene regions based on the RefSeq
annotation. Figure 3 shows the logarithmic histogram
of transfrag lengths of known genes and potential novel
transcripts of the two datasets. We can see that the gen-
eral styles of transfrag length distributions are the same
between known genes and potential novel transcripts, as
well as between the two datasets. However, the tails are
heavier in the distribution of transfrags corresponding to
known genes, which indicates that there are more longer
transfrags in the known genes.

We are more interested in those potential novel tran-
scripts that are relatively far from known genes and
contain sufficient reads in each transfrag. They are more
possibly from previously un-annotated coding or non-
coding transcripts. Figure 4 illustrates the numbers of
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Fig. 4 Logarithm number of transfrags located in intergenic region in dataset GM12878 and K562. (a) GM12878; (b)

K562

potential novel transcripts selected by controlling the
distance from nearest known genes and the number of
reads in each transfrag. We can see that, for example,
when we require that the distance from nearest known
genes is as far as 10 k and the reads count in each trans-
frag is no less than 20, there are still 364 and 681 puta-
tive novel transcripts in the two datasets, respectively.
Among them, 288 pairs of the putative novel transcripts
are discovered in both datasets.

We calculated the RPKMs of the transfrags of these
putative novel transcripts, and also calculated the
RPKMs for the transfrags located in known genes

according to the RefSeq annotation. Figure 5 shows the
logarithmic histograms of the RPKMs. From the his-
togram, we can observe that the proportion of relatively
high RPKM in putative novel transcripts is less than the
known gene, indicating that putative novel transcripts
tend to have low level of expression.

We then applied DEGseq to search for putative novel
transcripts that are differentially expressed in the two
datasets we studied. It utilized a random sampling model
based on MA-plot to estimate the P-value and exploit
the method about multiple hypothesis testing adjust-
ment introduced by Benjamini and Hochberg [28] to
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derive the @Q-value from P-value. We set the Q-value
level of 0.01. For the 364 putative novel transcripts ob-
tained in GM12878, we found 85 transfrags differentially
expressed with K562. For the 681 putative novel tran-
scripts obtained in K562, 408 of them were detected as
differentially expressed with GM12878. These observa-
tions show that a noticeable proportion of the detected
putative novel transcripts have tissue-specificity in their
expression, which indicates that they must have tissue-
specific biological functions.

Figure 6 shows the reads distribution in an example
region where putative novel transcripts were detected on
both datasets. We also put the junction reads in the fig-
ure. We can observe coding gene-like structures in the
read distribution. Another example is shown in Fig. 7,
which shows the reads distribution of a region where pu-
tative novel transcripts were detected in only one of the
datasets but not in the other. We can also see many
reads in this region on dataset GM12878 and gene-like
structures. These examples show that the detected puta-
tive novel transcripts may very possibly be new coding or
noncoding genes that have not been previously reported.

4 Conclusion and discussion

In this paper, we presented a protocol for detecting
putative novel transcripts from RNA-Seq data, and

described our experiment observations on potential novel
transcripts in two RNA-Seq datasets. The experiments
show that there are a noticeable number of reads that
may come from previously un-annotated transcripts. Af-
ter applying a more stringent criterion to eliminate pos-
sible noises, we still get hundreds of putative novel tran-
scripts. They are far from any known genes on the
genome, have significant expression levels, and some are
differentially expressed between different tissues. They
may be novel protein-coding or non-coding genes that
have not been reported, and may have important bio-
logical functions.

Identifying putative novel transcripts from RNA-Seq
data is only a first step for the discovery of new genes or
non-coding functional transcripts. The current protocol
is still quite experimental and there are many factors
to be refined. For example, noise model in RNA-Seq
is necessary to filter possible noises in the sequencing
experiment or due to imperfect sample preparation. The
genomic sequence features as well as epigenomic fea-
tures of the potential novel transcript regions also need
to be investigated to search for hints of transcription.
Comparative genomics analysis may be needed to study
the conservation of the potential novel transcript re-
gions to better identify putative novel transcripts. The
study on possible motifs in the genomic sequences of
and flanking the novel transcripts as well as the possible
correlation of expression of novel transcripts with that
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Fig. 6 An example region (on chromosome 15: 42904486-42915097) where putative novel transcripts are found in both
datasets (above: GM12878; below: K562)
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of known genes will also be important to understand the
transcription mechanism of the novel transcripts. And
finally biological experiments will be needed to validate 2.
the expression of the detected putative novel transcripts

and to understand their biological functions.

RNAs: insights into functions. Nature Reviews Genetics,
2009, 10(3): 155-159

van Bakel H, Hughes T R. Establishing legitimacy and func-
tion in the new transcriptome. Briefings in Functional Ge-
nomics & Proteomics, 2009, 8(6): 424-436

Schena M, Shalon D, Davis R W, Brown P O. Quantitative

monitoring of gene expression patterns with a complemen-
This work was supported in part by

tary DNA microarray. Science, 1995, 270(5235): 467-470
the National Natural Science Foundation of China (Grant Nos.
61021063 and 60928007).

Acknowledgements

4. Shendure J, Ji H. Next-generation DNA sequencing. Nature
Biotechnology, 2008, 26(10): 1135-1145
5. Metzker M L. Sequencing technologies — the next genera-
References tion. Nature Reviews Genetics, 2010, 11(1): 31-46
6.
1.

Wang Z, Gerstein M, Snyder M. RNA-Seq: a revolution-
Mercer T R, Dinger M E, Mattick J S. Long non-coding

ary tool for transcriptomics. Nature Reviews Genetics, 2009,



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Chao YE et al.

10(1): 57-63

Cock P J, Fields C J, Goto N, Heier M L, Rice P M. The
Sanger FASTQ file format for sequences with quality scores,
and the Solexa/Illumina FASTQ variants. Nucleic Acids Re-
search, 2010, 38(6): 1767-1771

Mortazavi A, Williams B A, McCue K, Schaeffer L, Wold
B. Mapping and quantifying mammalian transcriptomes by
RNA-Seq. Nature Methods, 2008, 5(7): 621-628

Marioni J C, Mason C E, Mane S M, Stephens M, Gilad
Y. RNA-Seq: an assessment of technical reproducibility and
comparison with gene expression arrays. Genome Research,
2008, 18(9): 1509-1517

Friedlaender M R, Chen W, Adamidi C, Maaskola J,
Einspanier R, Knespel S, Rajewsky N. Discovering micro-
RNAs from deep sequencing data using miRDeep. Nature
Biotechnology, 2008, 26(4): 407-415

Pan Q, Shai O, Lee L J, Frey B J, Blencowe B J. Deep sur-
veying of alternative splicing complexity in the human trans-
criptome by high-throughput sequencing. Nature Genetics,
2008, 40(12): 1413-1415

Wang E T, Sandberg R, Luo S, Khrebtukova I, Zhang L,
Mayr C, Kingsmore S F, Schroth G P, Burge C B. Alter-
native isoform regulation in human tissue transcriptomes.
Nature, 2008, 456(7221): 470-476

Jiang H, Wong W H. Statistical inferences for Isoform expres-
sion in RNA-Seq. Bioinformatics, 2009, 25(8): 1026-1032

Homer N, Merriman B, Nelson S F. BFAST: an alignment
tool for large scale genome resequencing. PLoS One, 2009,
4(11): e7767

Langmead B, Trapnel C, Pop M, Salzberg S L. Ultrafast and
memory-efficient alignment of short DNA sequences to the
human genome. Genome Biology, 2009, 10(3): R25

Li H, Ruan J, Durbin R. Mapping short DNA sequenc-
ing reads and calling variants using mapping quality scores.
Genome Research, 2008, 18(11): 1851-1858

Trapnell C, Pachter L, Salzberg S L. TopHat: discovering
splice junctions with RNA-Seq. Bioinformatics, 2009, 25(9):
1105-1111

Au K F, Jiang H, Lin L, Xing Y, Wong W H. Detec-
tion of splice junctions from paired-end RNA-Seq data by
SpliceMap. Nucleic Acids Research, 2010, 38(14): 4570-4578

Wang K, Singh D, Zeng Z, Coleman S J, Huang Y, Savich G
L, He X, Mieczkowski P, Grimm S A, Perou C M, MacLeod J
N, Chiang D Y, Prins J F, Liu J. MapSplice: accurate map-
ping of RNA-Seq reads for splice junction discovery. Nucleic
Acids Research, 2010, 38(18): €178

Trapnell C, Salzberg S L. How to map billions of short reads
onto genomes. Nature Biotechnology, 2009, 27(5): 455-457

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer
N, Marth G, Abecasis G, Durbin R, 1000 Genome Project
Data Processing Subgroup. The Sequence Alignment/MAP
format and SAMtools. Bioinformatics, 2009, 25(16): 2078—
2079

Pruitt K D, Tatusova T, Maglott D R. NCBI refer-
ence sequence (RefSeq): a curated non-redundant sequence
database of genomes, transcripts and proteins. Nucleic Acids
Research, 2005, 33(suppl 1): D501-D504

Hubbard T, Barker D, Birney E, Cameron G, Chen Y, Clark
L, Cox T, Cuff J, Curwen V, Down T, Durbin R, Eyras
E, Gilbert J, Hammond M, Huminiecki L, Kasprzyk A,
Lehvaslaiho H, Lijnzaad P, Melsopp C, Mongin E, Pettett
R, Pocock M, Potter S, Rust A, Schmidt E, Searle S, Slater
G, Smith J, Spooner W, Stabenau A, Stalker J, Stupka E,

Observations on potential novel transcripts from RNA-Seq data

24.

25.

26.

27.

28.

281

Ureta-Vidal A, Vastrik I, Clamp M. The Ensemble genome
database project. Nucleic Acids Research, 2002, 30(1): 38-41

Harrow J, Denoeud F, Frankish A, Reymond A, Chen C K,
Chrast J, Lagarde J, Gilbert J G R, Storey R, Swarbreck D,
Rossier C, Ucla C, Hubbard T, Antonarakis S E, Guigo R.
GENCODE: producing a reference annotation for ENCODE.
Genome Biology, 2006, 7(Suppl 1): S4.1-S4.9

Wang L K, Feng Z X, Wang X, Wang X W, Zhang X
G. DEGseq: an R package for identifying differentially ex-
pressed genes from RNA-Seq data. Bioinformatics, 2010, 26
(1): 136-138

Kent W J, Sugnet C W, Furey T S, Roskin K M, Pringle T
H, Zahler A M, Haussler D. The human genome browser at
UCSC. Genome Research, 2002, 12(6): 996-1006

Robinson J T, Thorvaldsdéttir H, Winckler W, Guttman
M, Lander E S, Getz G, Mesirov J P. Integrative genomics
viewer. Nature Biotechnology, 2011, 29(1): 24-26

Benjamini Y, Hochberg Y. Controlling the false discovery
rate: a practical and powerful approach to multiple testing.
Journal of the Royal Statistical Society Series B, 1995, 57(1):
289-300

Chao YE received his B.E. de-
gree of Measuring and Con-
trol Technology and Instrumen-
tations in 2009 from Beijing Uni-
versity of Post and Telecommu-
nications, Beijing, China. He is
now a Ph.D candidate at MOE
Key Laboratory of Bioinformat-

ics and Bioinformatics Division,

TNLIST/Department of Automation, Tsinghua Univer-

sity. His current research interests include gene regula-

tion and RNA-seq data processing and analysis.

Linxi LIU received her B.S. de-
gree of Mathematics in 2010
from Tsinghua University, Bei-
jing, China, and now is a Ph.D
student at Stanford University.
She finished her undergraduate
thesis at the Bioinformatics Di-
vision of TNLIST.

Xi WANG received his B.E. de-
gree in Automation in 2005 from
Harbin Institute of Technology,
Harbin, China. He is now a Ph.D
candidate in Bioinformatics at
MOE Key Laboratory of Bioin-
formatics and Bioinformatics Di-
vision, TNLIST /Department of



282 Front. Electr. Electron. Eng. China 2011, 6(2): 275-282

Automation, Tsinghua University. His research inter-
ests include machine learning, data mining for bioinfor-
matics, DNA sequence analysis, and ChIP-seq/RNA-seq

data processing and analysis.

Xuegong ZHANG received his
B.E. degree and Ph.D degree
in Tsinghua University. He is
now a Professor at the Depart-
ment of Automation, Tsinghua

University, and the Director

of the Bioinformatics Division,
TNLIST. His research interest is in pattern recognition

and bioinformatics.




<<
  /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 /Default
  /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 /Remove
  /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

  /CreateJDFFile false
  /Description <<
    /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 <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


