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Abstract—We establish the fundamental limits of
DNA shotgun sequencing under noisy reads. We show a
surprising result: for the i.i.d. DNA model, noisy reads
are as good as noiseless reads, provided that the noise
level is below a certain threshold which can be surpris-
ingly high. As an example, for a uniformly distributed
DNA sequence and a symmetric substitution noisy read
channel, the threshold is as high as 19%.

I. Introduction

DNA sequencing is the basic workhorse of modern day
biology and medicine. Since the sequencing of the Human
Reference Genome ten years ago, there has been an ex-
plosive advance in sequencing technology. Multiple “next-
generation” sequencing platforms have emerged. All of
them are based on the whole-genome shotgun sequencing
method. The basic shotgun DNA sequencing set-up is
shown in Figure 1. Starting with a DNA molecule, the
goal is to obtain the sequence of bases (A, C, G or T )
comprising it. The sequencing machine extracts a large
number of reads from the DNA; each read is a randomly
located fragment of the DNA sequence. The DNA assembly
problem is to reconstruct the DNA sequence from the many
reads.

A basic question, still largely open, is the following:
given DNA sequence statistics and characteristics of the
sequencing technology such as read length and noise statis-
tics, how many reads are needed to reconstruct the original
DNA sequence, if it is possible at all? The answer to this
question can provide an algorithm-independent basis for
evaluating the efficiency of a sequencing technology and
can be used to compare different assembly algorithms. [8]
provides an answer to this question in a simple setting: 1)
each read has the same length L bases and is uniformly and
independently sampled from the length G DNA sequence;
2)the DNA sequence is modeled as an i.i.d. string; 3) the
read process is noiseless. The main result shows that in the
asymptotic regime where L and G →∞ with L̄ = L/ log G
fixed, a critical phenomenon occurs: when L̄ < L̄crit,
reconstruction is impossible, and when L̄ > L̄crit, then
having enough reads to cover the DNA sequence is also
sufficient for reconstruction. Here, L̄crit = 2/Hrenyi, where
Hrenyi is the Renyi entropy rate of order 2. The significance
of L̄crit is that with high probability, there are no repeats of
length more than L̄crit in the DNA sequence. The coverage

 genome length G ≈ 10
9

read length L ≈ 100

N reads

N ≈ 10
8

ACGTCCTATGCGTATGCGTAATGCCACATATTGCTATGGTAATCGCTGCATATC

Fig. 1. Schematic for shotgun sequencing.

bound is a well-known lower bound introduced by Lander
and Waterman [6] in the early days of sequencing. Thus,
the result says that as long as the read length is longer
than the longest repeat in the DNA, this lower bound is
asymptotically tight.

In [1], the theory of noiseless assembly is extended to
DNA sequences with arbitrary repeat statistics. In this
paper, instead, we keep the i.i.d. DNA model but we
consider noisy reads.

The optimal assembly algorithm which achieves the
fundamental limit in the above setting is the greedy algo-
rithm. The greedy algorithm merges reads with the largest
overlap first, where the overlap between two reads is the
longest exact match between a prefix of one read and a
suffix of another read. A natural extension of the greedy
algorithm to the noisy read case is that instead of looking
at exact matches, one allows approximate matches, where
the degree of approximation tolerated is a function of the
read noise statistics. The performance analysis of such an
algorithm under noisy reads was considered in [8]. Not so
surprisingly, noise always degrades the performance of the
greedy algorithm, and in fact the effect is quite significant.

The modification of the greedy algorithm is only one ap-
proach to deal with noise. But are there better approaches?
What, in fact, is the fundamental limit on the system
performance under noisy reads? We show a surprising
result in this paper: provided that the noise level is below a
certain threshold, noise has no impact on the asymptotic
performance. The threshold on the noise level is given by
the condition

Iread > Hrenyi, (1)

where

Iread = min
s∈{A,G,C,T}

I(S = s; Y ),
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with:

I(S = s; Y ) :=
∑

y

π(y|s) log

(
π(y|s)∑

s Qsπ(y|s)

)
.

Here, Qs is the probability that a DNA base equals s and
π(y|s) is the probability that a DNA base s is read as y
through the noisy read channel. In particular, under the
uniform distribution Qs = 0.25 for all s, and symmetric
read channel with probability of mis-read δ, Hrenyi = 2
bits, and Iread is the capacity of the read channel:

Iread = −δ log
δ

3
− (1− δ) log(1 − δ).

The condition (1) translates to a threshold of δ∗ = 0.19
for this example. As long as the noise level is below 19%,
the noiseless performance can be achieved, i.e. coverage is
sufficient when L̄ > L̄crit = 2/Hrenyi.

In communication, noise almost always has a detrimen-
tal effect on asymptotic performance, as it degrades the
channel capacity. So we would like to give some intuition
on why noise (below a certain level) has no impact on the
asymptotic performance in the shotgun assembly problem
considered here. First, we need to understand better the
implication of the coverage condition. It follows from
Lander-Waterman’s results that the number of reads Ncov

needed to cover the entire DNA sequence with probability
at least 1− ε is well approximated by:

Ncov ≈
G

L
ln

(
G

Lε

)
.

Thus, the coverage depth, i.e. the average number of reads
covering each base, is given by:

c :=
NcovL

G
≈ ln

(
G

Lε

)
.

For example, for G = 3 × 109, L = 100, ε = 0.05,
the coverage depth c = 20. In the asymptotic limit, the
coverage depth goes to infinity. This high coverage depth
provides a level of redundancy which can be exploited to
deal with noisy reads: if multiple reads covering the same
region of the DNA can be aligned together, then one can
average over the symbols in the different noisy reads to
obtained a cleaned-up read. However, if the read length
is too short, this alignment cannot be done accurately,
since noisy reads from other similar-looking regions of the
DNA will be mis-aligned together and this would not help
the noise averaging process. This minimum read length
for accurate alignment would depend both on the noise
statistics and the repeat statistics of the DNA sequence.
What we show is that for the i.i.d. DNA model and
memoryless read noise, as long as the noise level is less
than the threshold given by condition (1), then accurate
alignment can be achieved provided that the read length is
longer than the longest repeat on the DNA sequence. This
is exactly the same condition on the read length needed
for noiseless assembly. Hence, one essentially can achieve
error correction for free.

The scheme we propose to achieve the fundamental
limit under noisy reads has two stages: an error-correction

phase, which aligns reads from the same region of the
DNA and averages across them to produce cleaner reads,
followed by an assembly phase, which applies the greedy
algorithm with approximate match to the cleaner reads.
Provided that the noise level satisfies condition (1) to allow
accurate read alignment, the noise level of the reads can
be driven to be vanishingly small after the error-correction
phase. Since it was shown in [8] that the performance
of the greedy algorithm is continuous in the noise level,
this implies that noiseless performance can be achieved
asymptotically.

In the assembly literature, there are two approaches to
deal with the noise in the reads. In the first approach,
error-correction is performed jointly with assembly such
as Velvet [11] and ABySS [4] which are based on de
Bruijn graph. In the second approach, error-correction is
performed first, followed by an assembly algorithm which
assumes the reads are essentially clean. Examples of the
algorithms are SHREC [3], Reptile [10], and Quake [5].
The latter is a separation approach, which is conceptually
simpler. What we show in this paper is that, at least for
the simple model considered here, the separation approach
is in fact information-theoretically optimal, up to a certain
threshold on the noise level.

II. Formulation and Previous Results

A. DNA Model

The DNA sequence s = s1s2 . . . sG is modeled as an
i.i.d. random string of length G with each symbol tak-
ing values according to a probability distribution Q =
(QA, QC , QG, QT ) on the alphabet {A, C, G, T}. To avoid
boundary effects, we assume that the DNA sequence is
circular, i.e., si = sj if i = j mod G; this simplifies the
exposition, and all results apply with appropriate minor
modification to the non-circular case as well.

B. Noiseless Reads

A noiseless read is a substring of length L from the
DNA sequence. The set of reads is denoted by R =
{r1, r2, . . . , rN}. The starting location of read i is ti, so
ri = s[ti, ti + L − 1]. The set of starting locations of the
reads is denoted T = {t1, t2, . . . , tN}, where we assume
1 ≤ t1 ≤ t2 ≤ · · · ≤ tN ≤ G. We assume that the
starting location of each read is uniformly distributed on
the DNA and the locations are independent from one read
to another.

An assembly algorithm takes a set of N reads R =
{r1, . . . , rN} and returns an estimated sequence ŝ = ŝ(R).
We require perfect reconstruction, which presumes that the
algorithm makes an error if ŝ �= s. A question of central
interest is: what are the conditions on the read length L
and the number of reads N such that the reconstruction
error probability is less than a given target ε for some
algorithm? Define the minimum normalized coverage depth
cmin(L̄):

cmin(L̄) = lim
G→∞,L=L̄ log G

Nmin(ε, G, L)

Ncov(ε, G, L)
, (2)
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where Nmin(ε, G, L) is the minimum number of reads
required to reconstruct the DNA sequence with probability
at least 1− ε and Ncov(ε, G, L) is the minimum number of
reads to cover the DNA sequence with probability at least
1− ε.

The main result for this noiseless read model is:

Theorem 1. [8] Fix an ε < 1/2. cmin(L̄) is given by

cmin(L̄) =

{
∞ if L̄ < 2/Hrenyi,

1 if L̄ > 2/Hrenyi,
(3)

where Hrenyi is the Renyi entropy of order 2 defined as:

Hrenyi := − log
∑

s∈{A,C,G,T}
Q2

s. (4)

C. Noisy Reads

Now we assume that the read process is noisy and
consider a simple probabilistic model for the noise. A base
s ∈ {A, C, G, T} is read to be y ∈ Y for some ground
set Y with probability π(y|s). Each base is perturbed
independently, i.e. if r = r1, . . . , rL is a read from the
physical underlying subsequence s = s1, . . . , sL of the
DNA sequence, then

P(r|s) =

L∏
i=1

π(ri|si).

Moreover, it is assumed that the noise affecting different
reads is independent.

In the noiseless read case, we aim for perfect reconstruc-
tion. In the noisy read case, we aim for perfect layout. By
perfect layout, we mean that all the reads are mapped
correctly to their true locations. Note that perfect layout
does not imply perfect reconstruction as the consensus
sequence may not be identical to the DNA sequence on
every single base. On the other hand, since coverage
implies that most positions on the DNA are covered by
many reads (growing with G), the consensus sequence will
be correct in most positions if we achieve perfect layout.

By modifying the greedy algorithm to allow for approx-
imate instead of exact matches, the following performance
can be achieved.

Theorem 2. [8] The modified greedy algorithm can
achieve normalized coverage depth c(L̄) = 1 if L̄ > L̄greedy

crit .
L̄greedy

crit is a continuous function of the DNA and noise
statistics and is strictly larger than L̄crit whenever the noise
is non-trivial.

Fig. 2 gives an example of L̄greedy
crit .

III. Optimal Error Correction

Theorem 2 shows that the critical read length increases
from that in the noiseless case when the modified greedy
algorithm is directly applied on the noisy read data. What
we show in this section is that, if the noise level is below
a certain threshold, there is actually enough redundancy
in the noisy reads to perform almost perfect error correc-
tion. By applying the modified greedy algorithm on the

0.1

5.29

0.01

2.16

1

L̄
greedy
crit (δ)

δ

Fig. 2. Plot of L̄
greedy
crit (δ) as a function of the noise level δ for the

uniform source and symmetric noise model.

cleaned-up reads, noiseless performance can be achieved
asymptotically.

First, we define the quality of a cleaned-up read r̃ of
length K:

d(r̃) = min
x

dH(r̃, x)

K
,

where the minimization is over all length K subsequences
of the DNA sequence s. Also, let r

′(r̃) be the minimizing
subsequence, i.e. the one on the DNA sequence with the
closest match to r̃.

The main result of the paper is the following theorem.

Theorem 3. (Error Correction) Assume: L̄ > L̄crit, the
noisy reads cover the DNA sequence asymptotically, and
the noisy read channel satisfies condition 1. Then there
is an error-correction algorithm which takes as inputs the
N noisy reads r1, . . . , rN and outputs Ñ cleaned-up reads
r̃1, . . . , r̃Ñ such that:

• Each cleaned-up read r̃i is of length K such that
K/L → 1.

• There is a sequence {τG} with τG → 0 such that:

lim
G→∞

P(max
i

d(r̃i) > τG) = 0.

• Coverage: r
′(r̃1), . . . , r

′(r̃Ñ ) cover the DNA sequence
asymptotically.

IV. Proof of Theorem 3

The proof technique is based on the method of types
[2] and the slight modification of strong typicality, as
defined in [9]. Let X be discrete set of size |X |. The set
of all possible probability distributions on X is denoted
by P(X ). The set of all possible emprical distributions
(types) of sequences x ∈ XK is denoted by PK(X ).
Clearly, PK(X ) ⊂ P(X ). The cardinality of PK(X ) is
upper bounded by (K + 1)|X | [2].

We say a sequence x ∈ XK is typical wrt the probability
distribution F , if

|N(a|x)

K
− F (a)| ≤ εF (a),

for all a ∈ X . Here, N(a|x) is the number of occurrences
of a ∈ X in x. Similarly, one can define the joint typicality
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of a set of sequences X := {x1, x2, . . . , xn} wrt the
probability distribution F on Xn. The main property of
this definition of joint typicality is that if a set X of
sequences is jointly typical wrt F, any subset S of the
sequences is jointly typical wrt the marginal distribution
of F on S.

A. The Error Correction Algorithm

Let PK({A, C, G, T}) denote the set of all possible
types of sequences in {A, C, G, T}K . For given P ∈ PK ,
we denote F M

P to be the distribution of observing M
independent samples of a base through the noisy read
channel with the base distribution P . Clearly,

F M
P (y1, . . . , yM ) :=

∑
s∈{A,C,G,T}

(
M∏

i=1

π(yi|s)

)
P (s). (5)

We also denote F 1
P by FP .

Let R be the set of all reads. For a fixed K and for each
read, we extract all the substrings of length K from that
read where each substring is called a K-mer. We create
the pool U consisting of all the K-mers.

A set of M K-mers, U = {u1, . . . , uM} is said to be
a good alignment if U is jointly typical wrt F M

P for some
P ∈ PK . In the definition of “good alignment”, we have
considered all possible empirical distributions over DNA
bases instead of considering only Q which is the true
distribution of DNA bases. The reason is that the DNA
sequence is long and contains atypical sequences of length
K wrt the true distribution Q. Therefore, if we only use
Q to define “good alignment”, we lose the coverage of the
DNA sequence.

For any good alignment U, we take, for each component
i = 1, . . . , K, the Maximum Likelihood (ML) estimate
ŝi of the underlying base si from u1i, . . . , uMi, assuming
they are independent observations of si through the read
channel. The averaged K-mer (ŝ1, . . . , ŝK) is denoted by
r̃U. Lastly, we create R̃, the list of all cleaned-up reads,
consisting of the averaged K-mers from all possible good
alignments taken from U .

B. Analysis of the Algorithm

To analyze the proposed error correction algorithm, we
set K = L−Lα and M = β log L for some constant α and
β ∈ (0, 0.5).

1) Error Correction Condition: To show the error cor-
rection condition of Theorem 3, we define E be the event
that there is a good alignment from U such that the
averaged sequence r̃ has quality d(r̃) > τG. We define the
following events:

E1(J) : There is a good alignment from U with J < M
K-mers from distinct locations of the DNA se-
quence.

E2(M1) :There is a good alignment from U with two
subsets of K-mers each of which coming from the
same location and having size M1 < M

2 .

E3(M0) :There are M K-mers in U with at least M0 K-
mers from a single location but whose averaged
sequence is not within Hamming distance KτG

from the DNA subsequence at that location.

We claim that E ⊆ E1(J)∪E2(M1)∪E3(M−(M1−1)(J−2)).
This is due to the fact that if a good alignment has less
than J K-mers coming from distinct locations and has at
most one subset of K-mers of size M1 coming from the
same location, then at least M − (M1− 1)(J − 2) K-mers
come from a single location.

Therefore, the union bound gives us

P(E) ≤ P(E1(J))+P(E2(M1))+P(E3(M−(M1−1)(J−2))).
(6)

In particular, we will set J = M
1

4 + 2, M1 = M
1

4 + 1,
and hence M − (M1 − 1)(J − 2) = M −

√
M , i.e., we are

interested in the case when the majority of the reads come
from a single location in event E3. We will upper bound
each of the terms in (6) and show that they all go to zero
as M →∞.

a) P(E1(J)) → 0: The event E1(J) happens when
there is a good alignment U containing J K-mers from
distinct locations. Without loss of generality, let us assume
that the first J K-mers of U = {u1, . . . , uM} are sampled
from distinct locations. Since U is jointly typical wrt F M

P

for some P ∈ PK , {u1, . . . uJ} is jointly typical wrt F J
P .

Considering the fact that there are at most GJ possible
choices for J distinct locations on the DNA sequence and
there are only polynomially many types, we can apply
large deviation arguments to obtain

P(E1(J)) ≤ (K+1)4GJ2
−K
(

minP∈PK
D
(

F J
P ||
∏

J

i=1
FQ

)
−δ1(ε)

)
,

(7)
for some δ1(ε) > 0. We proceed by computing the KL-

divergence D
(

F J
P ||
∏J

i=1 FQ

)
. Let S denote a DNA base

distributed according to P and Y1, . . . YJ be independent
observations of S through the read channel. Then, we can
show (see [7] for the details)

D

(
F J

P ||
J∏

i=1

F 1
Q

)
≥ J

∑
y∈Y

s∈{A,C,G,T}

P (s)π(y|s) log

(
π(y|s)

FQ(y)

)
− 2,

where (a) comes from the fact that entropy increases by
adding a new random variable. Next, we need to minimize
the obove expression over all distributions in PK . However,
we obtain slightly looser bound if we minimize over all
distribution in P . Let P ∗ ∈ P be the minimizer of the
following program

E1 = min
P∈P

J
∑
y∈Y

s∈{A,C,G,T}

P (s)π(y|s) log

(
π(y|s)

FQ(y)

)
− 2.

The optimization problem is a linear program and an
optimal P ∗ can be obtained by choosing a letter s∗ and
put all the probability mass on it, with s∗ given by:

s∗ = arg min
s

∑
x

π(y|s) log

(
π(y|s)

FQ(y)

)
(8)
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and hence E1 becomes

E1 = J
∑

y

π(y|s∗) log

(
π(y|s)

FQ(y)

)
− 2

= JD(π(y|s∗)||FQ)− 2.

Hence, since L̄ > 2/Hrenyi, provided that condition (1) is
satisfied, P(E1(J)) → 0 as J, G →∞.

b) P(E2(M1)) → 0: The event E1(J) happens when
there is a good alignment U containing two sets of size
M1 each sampled from a single location on the DNA
sequence. Without loss of generality, we assume that the
first M1 K-mers are sampled from position k1 on the DNA
sequence and the second M1 K-mers are sampled from
position k2 on the DNA sequence with k1 �= k2. Both of
these sets of K-mers are jointly typical wrt F M1

P for some
P ∈ PK . Considering the fact that there are at most G2

possible choices for k1 and k2 and applying large deviation
arguments, we obtain

P(E2) ≤ (K + 1)4G22−K(minP∈PK
D(F

2M1

P
||F M1

Q
F

M1

Q )−δ2(ε)),
(9)

for some δ2(ε). We proceed by computing the KL-
divergence:

D
(

F 2M1

P ||F M1

Q F M1

Q

)
= D

(
F 2M1

P ||F M1

P F M1

P

)
+ 2D

(
F M1

P ||F M1

Q

)
.

Let ŝ1 and ŝ2 be the ML estimate of underlying base s ob-
tained from y1, . . . , yM1

and yM1+1, . . . , y2M1
, respectively.

The data processing inequality, c.f. [2], implies

D
(

F 2M1

P ||F M1

Q F M1

Q

)
≥ D (P (ŝ1, ŝ2)||P (ŝ1)P (ŝ2))

+ 2D (P (ŝ1)||Q(ŝ1)) .

By the law of large numbers, P(ŝ1 = ŝ2) → 1 as
M1 → ∞. Hence D (P (ŝ1, ŝ2)||P (ŝ1)P (ŝ2)) → H(S) and
D (P (ŝ1)||Q(ŝ1)) → D (P (s)||Q(s)) as M1 → ∞. There-
fore, we can find a lower bound on the exponent of the
probability of error by solving the following optimization
problem:

E2 = min
P∈P

∑
s∈{A,C,G,T}

P (s) log

(
P (s)

Q(s)2

)
. (10)

One can show that the preceding optimization problem is
minimized with P (s) = Q(s)∑

s
Q(s)2

. Therefore,

E2 = Hrenyi. (11)

Since L̄ > 2/Hrenyi, P(E2(M1)) → 0 as M1, G →∞.

c) P(E3(M −
√

M)) → 0: Fix a particular alignment
, say U, with M −

√
M reads from same location. Let

us call the DNA subsequence at that location the source
sequence. A simple large deviations argument says that
the probability that the ML estimate is not the same as
the corresponding base of the source sequence is bounded
by 2−Mγ for some γ > 0. Hence, the probability that the

averaged sequence from U is at distance greater than KτG

from the source sequence is bounded by

2−KD(τG||2−Mγ).

For large M , this is approximately 2−KMγτG. By the union
bound,

P r(E3(M −
√

M))) < A2−KMγτG, (12)

where A is the number of such alignments. Let us bound A.
First, the

√
M K-mers from other locations can at most

come from G
√

M different locations. Let us now look at
the number of possible choices of the M −

√
M K-mers

coming from the same location. There are G possible such
locations. It is easy to show that for some constant η > 0,
with high probability at each location there are at most
η log G K-mers. Hence, the number of choices of the M −√

M K-mers coming from the same location is bounded
by G(η log G)M−

√
M . Hence,

A < G
√

M ×G(η log G)M−√M ,

and from (12), we get:

P r(E3(M −
√

M))) < G
√

M+1(η log G)M−
√

M 2−KMγτG.

Recall that M = β log G, K = L̄ log G − (L̄ log G)α. A
direct calculation shows that P(E3(M −

√
M)) can be

driven to zero if we choose τG = (log G)−
1

4 → 0, for
example.

2) Coverage Condition: The interested reader is re-
ferred to [7] for the proof of the coverage condition.

Acknowledgements

This work is supported by the Natural Sciences and
Engineering Research Council (NSERC) of Canada and
by the Center for Science of Information (CSoI), an NSF
Science and Technology Center, under grant agreement
CCF-0939370.

References

[1] Guy Bresler, Mayan Bresler, and D. Tse, Optimal assembly for
high throughput shotgun sequencing, to appear in RECOMB-
Seq, Beijing 2013 (see also arXiv preprint arXiv:1301.0068).

[2] I. Csiszar and J. Körner, Information theory: coding theorems
for discrete memoryless systems, Cambridge University Press,
1981.

[3] Jan Schrode et al., Shrec: a short-read error correction method,
bioinformatics (2009), no. 17, 2157–2163.

[4] Jared Simpson et al., ABySS: a parallel assembler for short read
sequence data, Genome Research (2009), 1117–1123.

[5] David Kelley, Micheal Schatz, and Steven Salzberg, Quake:
quality-aware detection and correction of sequencing errors,
Genome biology (2010).

[6] E.S. Lander and M.S. Waterman, Genomic mapping by finger-
printing random clones: A mathematical analysis, Genomics 2.

[7] Abolfazl Motahari, Kannan Ramchandran, David Tse, and Nan
Ma, Optimal dna shotgun sequencing: Noisy reads are as good as
noiseless reads, arXiv preprint http://arxiv.org/abs/1304.2798)
(2013).

[8] S.A. Motahari, G. Bresler, and D. Tse, Information theory of
DNA sequencing, http://arxiv.org/abs/1203.6233 (2012).

[9] A. Orlitsky and J.R. Roche, Coding for computing, Information
Theory, IEEE Transactions on 47 (2001), no. 3, 903 –917.

[10] Xiao Yang, Karin Dorman, and Srinivas Aluru, Reptile: repre-
sentative tiling for short read error correction, Bioinformatics
(2010), no. 20, 2526–2533.

[11] D. Zerbino and E. Birney, Velvet: algorithms for de novo short
read assembly using de bruijn graphs, Genomic Rev (2008).

2013 IEEE International Symposium on Information Theory

1644



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /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 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /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 400
  /MonoImageMinResolutionPolicy /OK
  /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 <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


