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Abstract: The gradient statistic, recently proposed in the
literature, has gained attention on statistical practitioners
due to the fact that it is a competitive alternative for the
traditional statistics (likelihood ratio, Wald, Score) for per-
forming hypothesis testing in parametric models with the
special property of being easily computable. In this work,
we present an exhaustive Monte Carlo simulation study
with the four test statistics to assess its performance in a
controlled scenario based on the exponential distribution.
The obtained results suggest that the gradient test statistics
is, indeed, a competitive option for the "Holy trinity" of
statistical inference (Likelihood ratio, Score and Wald test
statistics).

AMS Subject classification:
Keywords: hypothesis testing, gradient statistic, power of
test and exponential distribution.

OVERVIEW

Initially, let us assume that, based in a parametric model,
the following hypothesis testing should be performed:{

H0 : θ = θ0,

H1 : θ �= θ0

where θ0 is a specified vector and θ0 is the parametric vector
indexing the initial parametric model.

The tests based on large samples approximations are
often used in statistics, due to the fact that exact tests are not
always available. These tests are called "first-order asymp-
totic", that is, they are based on critical values obtained

from a known null limit distribution. A natural problem
that arises is whether the first order approximation is ade-
quate for the null distribution of the test statistic under
consideration. The best known asymptotic test statistics
whose reference distributions is chi-square are: likelihood
ratio, score and Wald (often referred as the "holy trinity" of
statistical inference). The statistics of these three tests are
equivalent in large sample sizes and, in regular problems,
converge under the null hypothesis H0, to the distribution
χ2

q , where q is the number of restrictions imposed by H0.
In small samples, the first-order approximation may not be
satisfactory and may lead to quite distorted null hypothe-
sis rejection rates. The statistics involved and which will be
considered are: Likelihood ratio, Wald and Score. The main
idea is to test the hypothesis H0. According to the notation
used in Lemonte (2016), the Likelihood ratio, Wald and
Score test statistics are, respectively, defined as:

SLR = 2[�(θ̂ ) − �(θ0)],

SW = (θ̂ − θ0)T K(θ̂ )(θ̂ − θ0),

SR = U(θ )T K(θ0)−1U(θ0)

where θ̂ is the maximum likelihood estimator of θ which
may be obtained from U(θ̂ ) = 0 where U(θ ) is the score
vector defined as

U(θ ) = ∂�(θ )

∂θ

and �(θ ) is defined as the log-likelihood function, given by

�(θ ) =
n∑

i=1

log f (xi | θ )

where f (. | θ ) is the probability function of the random
sample (x1, · · · , xn)T .
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The Fischer information matrix is a way of measur-
ing the amount of information a random variable contains
over an unknown parameter vector and upon which the
distribution depends. It is defined as

K(θ ) = E[U(θ )U(θ )T ] = −E

(
∂U(θ )

∂θT

)

Is now important to have tools to better address the prob-
lem of small-sample test statistics. A first attempt is given
by a modified version of the Wald statistic, which is defined
as

SWM = (θ̂ − θ0)T K(θ0)(θ̂ − θ0)

where a correction on the quantity that modifies the differ-
ence between the estimator and the parameter θ0, is made.
This is, the only difference between SW and SWM is the
object to be evaluated in K(θ )

SW → K(θ̂ ), SWM → K(θ0)

The test statistic SLR , SW , SR e SWM have an approximate
chi-square distribution (central) with p degrees of freedom
(χ2

p) and, under null hypothesis H0 : θ = θ0. we reject
H0 if the observed value of the test statistic exceeds the
quantile 100(1−α)% of the distribution χ2

p, where α is the
nominal level of the test.

The proposal of Terrell (2002) is widely known as
Gradient Statistics can be obtained as follows.

• Find a square matrix such that LT L = K(θ )
• The test statistic SR and SWM might be re-written as:

SR = [(L−1)T U(θ )]T (L−1)T U(θ0)

SWM = [L(θ̂ − θ0)]T L(θ̂ − θ0)

• Note that approximately

(L−1)T U(θ0) ∼ Np(0, Ip)

L(θ̂ − θ ) ∼ Np(0, Ip)

where Ip is a p × p identity matrix.

Now, the inner product between (L−1)T U(θ0) and L(θ̂ −θ0)
results in

[(L−1)T U(θ0)]T L(θ̂ − θ0) = U(θ0)T L−1L(θ̂ − θ0)

= U(θ0)T (θ̂ − θ0)

The proposal of Terrell (2002) is widely known as Gra-
dient Statistics can be obtained, as a result of the previous
computations, as follows:

Definition 1. The Gradient Statistic, ST , to test the simple
null hypothesis H0 : θ = θ0 against H1 : θ �= θ0 has the
form

ST = U(θ0)T (θ̂ − θ0)

Note that this statistic is derived from the Rao statis-
tic and modified Wald statistic (see Lemonte (2010)).
The following are some important properties of this new
statistic

• Under H0, ST has an approximate distribution χ2
p.

• ST is very simple to calculate, not involving estimation
of the information matrix nor the calculation of its
inverse.

• It is not evident that ST is nonnegative, but it must be
asymptotically nonnegative.

COMPOSED NULL HYPOTHESIS

Now, we take a quick look at the case where the null
and compound hypothesis. First, partition the vector θ =
(θ1, · · · , θp)T such that

θ = (θT
1 , θT

2 )T .

where θ1 = (θ1, · · · , θq)T e θ2 = (θq+1, · · · , θp)T . Now,
consider to test H0 : θ2 = θ2,0 against H0 : θ2 �= θ2,0

em que θ2,0 is a vector of known constants. To test this
hypothesis, one can use the statistics SLR , SW , SR , ST given
by

SLR =2[�(θ̂ ) − �(θ̃ )],

SW = (θ̂ − θ̃ )T K(θ̂ )(θ̂ − θ̃ )

SR = U(θ̃ )T K(θ̃ )−1U(θ̃ )

ST = U(θ̃ )T (θ̂ − θ̃ )

where θ̂ and θ̃ are the unrestricted maximum likelihood
estimators (under H1) and restricted (under H0) of θ

respectively. All the statistics SLR , SW , SR and ST follow
approximately χ2

p−q distribution under H0.

Now, there are natural questions regarding the perfor-
mance of the statistics under study. The first fundamental
fact to be solved is to establish when the gradient statistic
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can be considered in relation to the classic test statistics.
We have the following facts

• The simple form of ST , which in practice can be the
simplest to calculate, is an interesting feature.

• In complex problems, not having to calculate, estimate
and invert a Fischer information matrix is at an even
more positive point.

• For example, problems in survival analysis in which
there is censorship, the ST statistic could be used with-
out problems and thus would be an alternative to the
likelihood ratio statistic

There is still the natural question of the will to compare the
proposed statistics. We want to know if ST is more, less
or equally powerful than the other statistics. In order to
answer, we will study the local power of the gradient test.
According to Lemonte (2013), the following strategy was
proposed

1. to present the asymptotic expansion of the local power
function (up to order n−1/2) of the gradient test under
the sequence of alternative hypotheses

H1n : θ2 = θ2,0 + ε√
n

where ε = √
n(θ2 − θ2,0) = (εq+1, · · · , εp)T

2. Make a local power study of the gradient test by com-
paring it with the local power of the likelihood ratio
tests, Wald and score.

Some math involved due to Lemonte (2013):

• Derivatives of the log-likelihood function

yr = n−1/2 ∂�(θ )

∂θr

, yrs = n−1 ∂2�(θ )

∂θrθs

,

yrst = n−3/2 ∂3�(θ )

∂θr∂θs∂θt

,

with r , s, t = 1, · · · , p
• The arrays

y = (y1, · · · , yp)T , Y = ((yrs)), Y··· = ((yrst )).

• Cumulants

κrs = E(yrs), κr ,s = E(yrys), κrst = √
nE(yrst ).

κr ,st = √
nE(yryst ) κr ,s,t = √

nE(yrysyt )

com r , s, t = 1, · · · , p.

• The respective arrays

K = ((κr ,s)) = −((κrs)), , K··· = ((κrst )),

K.,.. = ((κr ,st )), , K.,.,. = ((κr ,s,t )),

• For quantities with three indexes, the adopted notation
would be:

K... ◦ a ◦ b ◦ c =
p∑

r ,s,t=1

κrstarbsct

K... ◦ M ◦ b =
p∑

r ,s,t=1

κr ,stmrsbt

where M = ((mrs)) is a matrix p × p and a, b, c are
vectors p− dimensional

• Define the matrices:

K =
[

K11 K12

K21 K22

]
A =

[
K11

−1 000
000 000

]

M = K−1 − A, K22.1 = K22 − K21K11
−1K12

• The vector

ε∗ =
[

K11
−1K12

Ip−q

]
ε

where Ip−q is the identity matrix of order p − q.

MOMENT GENERATING FUNCTION

The moment generating function can be rewritten as

M(t) = (1 − 2t)
1
2 (p−q) exp

(
t

1 − 2t
ε�K

†
22.1ε

)
×[

1 + 1√
n

3∑
k=0

ak(1 − 2t)−k

]
+ O(n−1)

(1)

where a0 = −(a1 + a2 + a3) and

a1 = 1

4
{K† ◦ (K−1)† ◦ (ε∗)† − 2(K... + 2K.,..)

†

◦ (ε∗)† ◦ (ε∗)† ◦ (ε∗)†

− (4K.,.. + 3K...)
† ◦ A† ◦ (ε∗)†

− 2(K2.. + K2,..)
† ◦ ε ◦ (ε∗)† ◦ (ε∗)†}

(2)

a2 = −1

4
{K† ◦ M† ◦ (ε∗)†(K... + 2K.,..)

†

◦ (ε∗)† ◦ (ε∗)† ◦ (ε∗)†}
(3)

a3 = − 1

12
K†

... ◦ (ε∗)† ◦ (ε∗)† ◦ (ε∗)† (4)

Referring the function M(t), the following result is derived.
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MAIN RESULT

The following result is due to Lemonte (2013): The asymp-
totic expansion of the distribution of the gradient statis-
tic (ST ) to a composite hypothesis under a sequence of
local alternatives converging to the null hypothesis at a
convergence rate of n−1/2 is as follows:

P (ST ≤ x) = Gf ,λ(x) + 1√
n

3∑
k=0

akGf +2k,λ(x) + O(n−1)

where Gq,λ(x) is the probability density function of a
non-central chi-square random variable with q degrees of
freedom and non-centrality parameter λ. Here f = p − q,
λ = εT K

†
22.1ε/2 and the quantities ak’s were previously

defined.

Corolary 2. The asymptotic expansion of the distribution
of the gradient statistic ST to a simple hypothesis under
a sequence of local alternatives converging to the null
hypothesis at a convergence rate of n1/2 is as follows

P (ST ≤ x) = Gp,λ(x) + 1√
n

3∑
k=0

akGp+2k,λ(x) + O(n−1)

where λ = εT K†ε/2 e

a0 = 1

6
K†

...( ◦ ε)3,

a1 = −1

4
{K†... ◦ (K−1)† ◦ ε − 2K†

.,..( ◦ ε)3}

a2 = 1

4
{K†

... ◦ (K−1)† ◦ ε − (K... + 2K.,..)
†( ◦ ε)3}

COMPARISON BETWEEN POWER OF THE
CONSIDERED TEST

The main idea now is to be able to compare the podes of
the tests that are being studied. The following facts held

1. Until the first order, the statistics SLR , SW , SR and
ST have the same asymptotic properties under a
null hypothesis H0, or under an alternative local
hypothesis.

2. Up to an error of order n−1, the corresponding tests
have the same size, however, their powers differ by
the order term n−1/2

3. Thus the powers of the different tests can be compared
on the basis of the expansions of their power functions
ignoring lesser terms of order than n1/2

The local power function of the tests that use statistics
is defined SLR , SW , SR e ST as

	i = 1 − P (Si ≤ xγ ) = P (Si > xγ ), i = LR, W , R, T

where xγ represents the proper quantile of the χ2
p−q

distribution for a choose nominal level γ and

P (Si ≥ xγ ) = Gp−q,λ(xγ )

+ 1√
n

3∑
k=0

aikGp−q+2k,λ(xγ ) + O(n−1)

SIMULATION RESULTS

Until this point, the different test statistics have been pre-
sented and, as mentioned before, there may be differences
in the powers of the four tests in small sample sizes, which
is the reason the present simulation is made, to make a com-
parison between the powers of the tests that are generally
used (Likelihood ratio, Score and Wald) and the statisti-
cal gradient for testing as well. Simulations are made via
Montecarlo for the exponential distribution function in the
following form:

fX(x | θ ) = θe−xθ

with θ > 0 and x > 0. The corresponding log-likelihood
function is given by :

	n
i=1fX(xi | θ ) = 	n

i=1θe−xiθ = θneθ
∑n

i=1 xi

We have that

�(θ ) = log (	n
i=1fX(xi | θ )) = log

(
θneθ

∑n
i=1 xi

)

= −n log (θ ) + θ

n∑
i=1

xi

(5)

To obtain the maximum likelihood estimator of θ , we
make

U(θ ) = ∂�(θ )

∂θ
= −n

θ
+

n∑
i=1

xi = 0

this way, we obtain the following estimator

θ̂ = 1

X̄

Since some of the test statistics depend on the Fisher
information matrix, this corresponds to:

n

t
−

n∑
i=0

xi
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where n is the sample size.

We fixed the number of Monte Carlo replicas in 10,000.
In each Monte Carlo simulation, samples for different
sample sizes (10,30,50 and 100) and different levels of
significance

(α = 0.1, α = 0.05, α = 0.01)

were generated in order to have the value of the parame-
ter θ = 1 as the value of the real parameter and for the
generation of the samples.

To calculate the power of the test at each step the sample
was generated with the actual value θ and the hypothesis
θ = θ0 against θ �= 0 was tested. For different values of
θ at the end the percentage of times that was rejected test
will be the measure of the power in each case.

RESULTS

For a sample size of 10 and for values lower than 1, the
gradient statistic was found to be more potent, even than
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FIGURE 1. Power of the considered test statistics with
n = 10 and α = 0.01
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FIGURE 2. Power of the considered test statistics with
n = 10 and α = 0.05
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FIGURE 3. Power of the considered test statistics with
n = 10 and α = 0.1
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FIGURE 4. Power of the considered test statistics with
n = 30 and α = 0.01
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FIGURE 5. Power of the considered test statistics with
n = 30 and α = 0.05

the likelihood ratio test statistic. Although the differences
in powers are not very large and all of them tend to have the
same behavior from the same point. These behaviors were
observed at the three levels of significance, these results
can be seen in the table 13 and in the figures 1, 2, 3.

For a sample size of 30 and for all values of θ0, the
statistics tend to have the same behavior, the three present
values close to their power values and in this case the curves

16372



International Journal of Applied Engineering Research, ISSN 0973-4562 Volume 13, Number 23 (2018) pp. 16368–16375
© Research India Publications, http://www.ripublication.com

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

Size= 30 and Statistical significance= 0.1

θ

P
ow

er
 Wald

Escore
L.R.
Gradient Statistic

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

FIGURE 6. Power of the considered test statistics with
n = 30 and α = 0.1
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FIGURE 7. Power of the considered test statistics with
n = 50 and α = 0.01
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FIGURE 8. Power of the considered test statistics with
n = 50 and α = 0.05

are faster than in the case The results of this study are shown
in the table below and in the graphs in the following table:
14 and figures 4, 5, 6.

For sample sizes of 50 and 100, the power curves are
much faster growing, that is to say that the tests are much
more sensitive to small changes in the value of θ real and
θ0, besides we see that in these large sample sizes, the dif-
ferences between the four tests are really minimal, so it
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FIGURE 9. Power of the considered test statistics with
n = 50 and α = 0.1

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

Size= 100 and Statistical significance= 0.01

θ

P
ow

er
 Wald

Escore
L.R.
Gradient Statistic

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

0.0 0.5 1.0 1.5 2.0 2.5 3.0

0
20

40
60

80
10

0

FIGURE 10. Power of the considered test statistics with
n = 100 and α = 0.01
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FIGURE 11. Power of the considered test statistics with
n = 100 and α = 0.05

makes no difference in how much power in the exponential
distribution use any of the four tests. This can be observed
in tables 15 and 16, and figures 7,8,9, 10,11,12

In summary, we conclude, via Monte Carlo simulations,
that for small sample sizes differing in the power of the test
is influenced by the true value of the parameter and that
on average the behavior of the four tests exposed is the
same, in addition we see that for large sample sizes the
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FIGURE 12. Power of the considered test statistics with
n = 100 and α = 0.1

Size 10
Significance Value

Wald Score RV Gradient
level of θ

10%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 71.5 71.5 78.7 81.8
1 30.6 30.6 25.1 24.1

1.3 98.3 98.3 97.9 97.2
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

5%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 52.8 52.8 66.5 70.6
1 24.7 24.7 19.7 16.6

1.3 97.3 97.3 95.3 94.5
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

1%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 16.4 16.4 38 46.5
1 10 10 6.3 5

1.3 93.4 93.4 89.4 86
1.6 100 100 100 99.9
1.9 100 100 100 100
2.2 100 100 100 100

FIGURE 13. Behaviour of the considered test statistics with
n = 10

differences in powers of the tests are almost imperceptible

Size 30
Significance Value

Wald Score RV Gradient
level of θ

10%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 71.5 71.5 78.7 81.8
1 30.6 30.6 25.1 24.1

1.3 98.3 98.3 97.9 97.2
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

5%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 52.8 52.8 66.5 70.6
1 24.7 24.7 19.7 16.6

1.3 97.3 97.3 95.3 94.5
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

1%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 16.4 16.4 38 46.5
1 10 10 6.3 5

1.3 93.4 93.4 89.4 86
1.6 100 100 100 99.9
1.9 100 100 100 100
2.2 100 100 100 100

FIGURE 14. Behaviour of the considered test statistics with
n = 30

and by both asymptotically these tests are equivalent. As
the gradient statistic is much simpler in its calculation it
is an attractive alternative since it is equally powerful for
the three tests that are commonly used and does not need
a complex evaluation as to its calculation.

CONCLUSIONS

• All four considered test statistics are locally unbiased
• If K... = 000 the likelihood ratio, Wald and gradient

tests have identical local power properties.
• If K... = 2K.,.,. the Score and gradient test statistics

have identical local power properties.
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Size 50
Significance Value

Wald Score RV Gradient
level of θ

10%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 91.7 91.7 94.1 95.1
1 43.3 43.3 39.3 37.6

1.3 100 100 99.7 99.7
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

5%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 84.5 84.5 89.5 91.6
1 34.3 34.3 29.6 27.3

1.3 99.5 99.5 99.4 99.4
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

1%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 48.5 48.5 66 72.4
1 16.4 16.4 11 8.4

1.3 99 99 98.8 98.1
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

FIGURE 15. Behaviour of the considered test statistics with
n = 50

• There is no uniform superiority of one test statistic
over others.
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Size 100
Significance Value

Wald Score RV Gradient
level of θ

10%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 99.7 99.7 99.7 99.7
1 61.4 61.4 58.2 55.9

1.3 100 100 100 100
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

5%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 99.4 99.4 99.6 99.6
1 54.5 54.5 50.4 48.3

1.3 100 100 100 100
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100

1%

0.1 100 100 100 100
0.4 100 100 100 100
0.7 92.9 92.9 96.4 97.6
1 35.4 35.4 30.2 26.8

1.3 100 100 100 100
1.6 100 100 100 100
1.9 100 100 100 100
2.2 100 100 100 100
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n = 100

[5] Lemonte, A (2010). Estatistica gradiente e refinamento
de mtodos assintticos no modelo de regression Birnbaum-
Saunders. Tese de doutorado USP, Brazil.

[6] Lemonte, A (2016). The Gradient Statistic. Academic
Press.

[7] Hayakawa T. & Puri, M.L. (1985). Asymptotic expansions
of the distributions of some test statistics. Annals of the
institute of Statistical Mathematics 37, 95–108.

16375



<<
  /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
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts 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
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -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
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /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
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


