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Abstract

Recent studies have demonstrated the prospects of data
mining algorithms for addressing the task of seriation in pa-
leontological data (i.e. the age-based ordering of the sites
of excavation). A prominent approach is spectral ordering
that computes a similarity measure between the sites and
orders them such that similar sites become adjacent and
dissimilar sites are placed far apart. In the paleontolog-
ical domain, the similarity measure is based on the mam-
mal genera whose remains are retrieved at each site of ex-
cavation. Although spectral ordering achieves good per-
formance in the seriation task, it ignores the background
knowledge that is naturally present in the domain, as pa-
leontologists can derive the ages of the sites of excavation
within some accuracy. On the other hand, the age informa-
tion is uncertain, so the best approach would be to combine
the background knowledge with the information on mammal
co-occurrences. Motivated by this kind of partial supervi-
sion we propose a novel semi-supervised spectral ordering
algorithm. Our algorithm modifies the Laplacian matrix
used in spectral ordering, such that domain knowledge of
the ordering is taken into account. Also, it performs feature
selection (sparsification) by discarding features that con-
tribute most to the unwanted variability of the data in boot-
strap sampling. The theoretical properties of the proposed
algorithm are thoroughly analyzed and it is demonstrated
that the proposed framework enhances the stability of the
spectral ordering output and induces computational gains.

1. Introduction

In this paper we consider the task of ordering the obser-
vations in the data, accompanied by partial supervision and
sparsification1, aiming at a more stable ordering. Although

1The terms “sparsification” and “feature selection” will be used inter-
changeably

it may initially seem surprising the we employ partial su-
pervision and feature selection in a common framework, it
is analytically demonstrated in the paper that each compo-
nent addresses a different cause of instability of the results.
In our context, stability refers to the variation of the end re-
sult with respect to small changes in the data; in practice we
will measure this by bootstrap sampling.

In distance based ordering, the task is to find a permuta-
tion of objects such that similar objects become adjacent; in
addition, the more dissimilar the objects are, the larger the
order distance between them. The standard optimization
problem formulation used for deriving the distance based
ordering is known to be NP-hard [8], and spectral ordering
[2, 4] presents a popular, algorithmically feasible approach
for deriving approximate solutions. Despite the name “or-
dering”, the aim is not to rank the objects into any prefer-
ence ranking, and the first and last object in the ordering are
merely those that are maximally dissimilar to each other.
Algorithmically, the order solution is derived by the eigen-
vector corresponding to the second eigenvalue of the data
Laplacian matrix.

Our main application area is paleontology: our obser-
vations (objects, instances) are sites of excavation and our
features (attributes, variables) are mammal genera whose
remains are found at these sites. In addition, we have aux-
iliary information on the estimated ages of the sites; this
information is uncertain to some degree. Spectral order-
ing of the sites of excavation can be based solely on the
co-occurrences of the mammal genera, irrespective of the
ages of the sites. It has been shown [6] that this kind of
plain spectral ordering is a fast and standardized way of
biochronological ordering of the sites. Albeit the favorable
results in the biochronological ordering task, the spectral
ordering does not take into account the background knowl-
edge that naturally exists in the domain. The successful in-
corporation of domain knowledge is expected to increase
the quality of the results.

1



In the current study, we take advantage of the domain
knowledge of the ages of the sites and combine that with the
spectral ordering, ending up with a semi-supervised spec-
tral ordering2. In addition, we consider feature selection.
Towards this target the features that contribute most to the
unwanted variation of the data (measured by bootstrap sam-
pling) will be removed. These features correspond to mam-
mals whose observations are noisy. The paleontological
data is noisy in many respects [7]: the preservation, recov-
ery and identification of fossils are all random to some ex-
tent. These uncertainties are, however, hard to quantify, and
a systematic way of characterizing the uncertainty would be
most welcome — the behaviour of the features in bootstrap
sampling is here chosen for this task.

The two components of the proposed framework, namely
partial supervision and feature selection will make the re-
sulting ordering more stable with respect to small variations
in the data. As it is analyzed in detail in Section 6, each
component of the framework addresses a different cause of
instability of the spectral ordering results.

The theoretical analysis suggests and the experiments
verify that the main advantages of the proposed framework
as induced by the enhancement of stability are twofold:
Firstly, results become more resilient to perturbations of the
input, thus the reliability of the results is increased. Sec-
ondly, the power method [17] computes the ordering result
more efficiently than in the original setting.

2. Spectral ordering

Given a set of n objects and a pairwise similarity mea-
sure between them, the task of distance based ordering is
to derive the order indexes of the objects such that similar
objects are placed in adjacent orders while dissimilar ob-
jects are placed far apart. More formally, distance sensitive
ordering considers the following optimization problem:

minr

∑

i, j

(r(i) − r( j))2wi j

where wi j is the similarity between objects i and j and vec-
tor r is the permutation of {1, 2, ..., n} that optimizes the ob-
jective function. The values of the elements r(i) of vector r
reflect the ordering of object i.

It is known that the general optimization problem re-
lated to distance based ordering is NP-hard [8], and thus
approximate solutions should be considered. A popular ap-
proach is spectral ordering [2, 4] that performs a contin-
uous relaxation on the solution vector r, and reduces the
optimization problem to a standard eigenvalue-eigenvector
problem. In the context of this work we rely on a slight

2In the context of this work we will use the terms “semi-supervised”
and “partial supervision” to refer to the domain knowledge interchangeably

modification of the standard spectral ordering formulation
as derived by [4], where the authors derive the ordering so-
lution as the second eigenvector3 of the normalized Lapla-
cian matrix L = D−1/2WD−1/2. Here, W is the object-object
similarity matrix W = XT X, D is the diagonal degree ma-
trix containing the row sums of W, and the data matrix X
contains the objects as its columns and the features as its
rows. Other choices of W are also possible: W can essen-
tially be any object-object similarity matrix. The use of the
normalized Laplacian facilitates the theoretical analysis of
the proposed semi-supervised spectral ordering framework
and also presents theoretical advantages [16] over the un-
normalized Laplacian that is commonly used for spectral
ordering.

It should be noted that in the spectral graph theory litera-
ture the normalized Laplacian matrix is commonly referred
to as L = I − D−1/2WD−1/2, however in the context of this
paper we will employ the aforementioned notation and con-
sider the normalized Laplacian as L = D−1/2WD−1/2. This
matrix is well studied in the context of spectral graph theory
(e.g. [15] and references within) and it is known to have 1
as its largest eigenvalue. Moreover, by defining the object-
similarity matrix W = XT X, L = D−1/2WD−1/2 becomes
positive semi-definite.

3. Two factors that determine the stability of
spectral ordering

A common approach for measuring the stability of spec-
tral algorithms requires the quantification, in the form of an
error perturbation matrix E, of the uncertainty associated
with the input matrix (eg. [11]). Based on matrix E the
stability of spectral ordering is determined by the similarity
of the ordering solution as derived by the original Lapla-
cian matrix L versus the perturbed Laplacian matrix L + E.
Further details on the computation of E in the domain of
interest will be provided in Section 6.3.

Based on this formulation, the stability of the ordering
solution can be derived by Matrix Perturbation Theory, and
more precisely Stewart’s theorem on the perturbation of in-
variant subspaces [14]. Based on Stewart’s theorem we can
derive an upper bound on the difference between the order-
ing solution of L versus L + E. The upper bound applies
when the smallest eigengap between the second eigenvalue
of L and the rest is larger than four times the spectral norm
of matrix E. In the case of spectral ordering the smallest
eigengap is determined by the eigengap between the first
and the second eigenvalue of the Laplacian matrix and the
eigengap between the second and the third.

3We consider the eigenvalues ordered in decreasing order, i.e. the first
eigenvalue is the largest eigenvalue and so on. The first eigenvector is the
eigenvector that corresponds to the largest eigenvalue and so on.



The upper bound gets smaller as the eigengap enlarges
and the norm of the perturbation matrix E decreases. Thus,
the stability depends on two factors: the size of the eigengap
and the norm of the perturbation.

As we analyze further in the subsequent section, these
eigengaps are not a mere theoretical artifact but are associ-
ated with the data-structure as well as computational issues
related to the derivation of the spectral ordering solution.

4. Semantics of the eigengaps

4.1. Eigengap λ1 − λ2

The eigengap between the first and the second eigenvalue
of the Laplacian matrix is associated with the level of data
connectivity. More precisely, if we consider the Laplacian
D−1/2WD−1/2 and the associated graph (i.e. a graph with
edge weights W(i, j)), then the size of the second eigen-
value is associated with the cost of producing two separated
clusters [5, 15]. In fact when the eigengap is 0, i.e. the al-
gebraic multiplicity of first eigenvalue is larger than 1, then
the graph is disconnected and the clusters can be produced
with zero cost. The following theorem illustrates this rela-
tion (note that we have appropriately changed the theorem
statement from [15] to take into account that we consider
the Laplacian D−1/2WD−1/2 instead of I − D−1/2WD−1/2):

Theorem 4.1 (can be found in [15]). Let G be an indirected
graph with non-negative weights W. Then the multiplicity
k of the eigenvalue 1 of matrix L = D−1/2WD−1/2 equals
the number of connected components in the graph. The
eigenspace of 1 is spanned by the vectors D1/2eAi of those
components, where eAi is such that e( j)Ai = 1 for all vertices
j that belong to the connected component Ai.

Theorem 4.1 signifies that when the second eigenvalue is
close to the first, a small amount of perturbation can make
the graph disconnected, thus significantly affecting the sec-
ond eigenvector. Thus, spectral graph theory provides us
with the necessary tools for understanding the source of in-
stability when the eigengap between the first and the second
eigengap is small.

4.2. Eigengap λ2 − λ3

In order to study the eigengap between the second and
the third eigenvalue of the Laplacian matrix L, we assume
that the data is adequately connected (i.e. the algebraic mul-
tiplicity of the largest eigenvalue is 1) and consider the fol-
lowing transformation: L′ = L − vvT , where v is the first
eigenvector of Laplacian L (i.e. v = D1/2e

||D1/2e|| with D being the
degree matrix of the Laplacian L and e a unit vector, e(i) = 1
for all i). With this definition the matrix L′, apart from v, has

exactly the same eigenvectors and eigenvalues as L. Thus,
the second eigenvalue of L is the largest eigenvalue of L′.
This transformation is always possible and requires solely
the computation of the degree matrix D.

The transformation of matrix L makes apparent the rel-
evance of the power method [17] for computing the spec-
tral ordering solution. Recall that the power method does
not derive the full eigen-decomposition of a matrix and can
compute solely the dominant eigenvalue and corresponding
eigenvector. It starts with an initial vector b0, and then com-
putes iteratively bk+1 =

Abk

||Abk || . If matrix A has an eigenvalue
that is strictly larger than the rest and if the initial vector b0

has a non-zero component in the direction of the dominant
eigenvector, then the rate of convergence of bk will be deter-
mined by |λ2 |

|λ1 | , where λ1 is the dominant in magnitude eigen-
value of A and λ2 is the second in magnitude eigenvalue.
The larger the eigengap between |λ2| and |λ1| the faster the
convergence.

Based on L′, the power method can be used to derive the
ordering solution. The power method will converge with
rate λ3

λ2
, where λ2 is the second eigenvalue of L (and thus the

dominant eigenvalue of L′) and λ3 is the third eigenvalue of
L (and thus the second eigenvalue of L′).

This analysis illustrates that the convergence of the
power method for computing the ordering solution depends
on the eigengap between the second and the third eigenvalue
of the Laplacian matrix. A method that successfully en-
larges this eigengap will increase the efficiency of the power
method.

5. Elements of linear algebra

In order to study the behavior and the properties of the
proposed spectral ordering framework, we need to recall
certain elements of linear algebra. Firstly, we recall Weyl’s
theorem on the perturbation of eigenvalues.

Theorem 5.1 (Weyl, can be found in [14]). Let A be a sym-
metric matrix with eigenvalues λ1 ≥ λ2 ≥ ... ≥ λn and E a
symmetric perturbation with eigenvalues ε1 ≥ ε2 ≥ ... ≥ εn.
Then for i = 1, ..., n the eigenvalues λi of A + E will lie in
the interval [λi + εn, λi + ε1].

Another theorem we will employ is concerned with the
affect of rank-k updates to matrix eigenvalues.

Theorem 5.2 (Wilkinson [17], can also be found in [12]).
Suppose B = A + τ · uuT where A ∈ Rn×n is symmetric,
u ∈ Rn has unit Euclidean norm and τ ∈ R. Then, there
exist m1, ...,mn ≥ 0,

∑n
i=1 mi = 1, such that

λi(B) = λi(A) + miτ, i = 1, ..., n

Moreover, concerning rank-k updates B = A+
∑k

i=1 τi · uuT ,
there exist mi j ≥ 0, i = 1, ..., n, j = 1, ..., k with

∑n
i=1 mi j = 1,



such that

λi(B) = λi(A) +
k∑

j=1

mi jτ j, i = 1, ..., n.

6. Proposed spectral ordering framework

As we have mentioned in the introductory section, the
proposed framework considers partial supervision and fea-
ture selection with the general aim of stabilizing the spectral
ordering results. In this section we will present each com-
ponent of the framework and demonstrate their contribution
to the stability of the results. Recall that in Section 3 we
have stated that stability essentially depends on two factors,
namely the size of the relevant eigengaps as well as the un-
certainty associated with the Laplacian matrix estimates. In
the subsequent sections it is analytically demonstrated that
the semi-supervised component is associated with the en-
largement of the eigengaps, while the feature selection is
concerned with the reduction of uncertainty.

6.1. Semi-supervised framework

The semi-supervised component assumes that an initial
ordering of the objects is provided and aims at adjusting
the original object similarities such that the input order-
ing is taken into account. Recall that the original object
similarities are used for computing the Laplacian matrix
D−1/2WD−1/2 (i.e. W(i, j) is the similarity between object
i and j) that derives the ordering solution. The proposed
method essentially aims at adjusting the values of the W
matrix based on the input ordering.

In order to achieve this goal, we initially consider the
definition of a Laplacian matrix that produces the initial in-
put ordering, i.e. the second eigenvector derives the same
results as the input order. If we consider the initial input or-
dering r (i.e. r(i) is the order of object i) as a permutation of
{1, 2, ..., n}, and a degree matrix D, we can define the initial
input Laplacian as:

Linput = v0vT
0 +

1
2

v1vT
1

where v0 =
D1/2e
||(D1/2e)|| , with e being the unit vector (i.e. ei = 1

for all i) and

v1 =
r(i) − (

∑
i r(i)
√

di)/(
∑

i

√
di)

||r(i) − (
∑

i r(i)
√

di)/(
∑

i

√
di)||
, (1)

with di being the ith diagonal element of the Degree matrix.
In order to understand the definition of the Linput matrix,

one should initially observe that vector v0 is essentially the
largest eigenvector of any Laplacian matrix with degree ma-
trix D (if there are no disconnected components). Moreover,

vector v1 is by construction orthogonal to v0 and produces
exactly the same ordering as r. Based on the above we can
write Linput in the form of a Laplacian with degree matrix D,
i.e. Linput = D−1/2WinputD−1/2, which has exactly two eigen-
vectors v0 and v1, with corresponding eigenvalues 1 and 1

2 .
The Winput matrix will contain the object similarities that
generate the input ordering. Notice that this construction is
possible for any degree matrix D.

It should also be noted that there exist different possi-
ble definitions of the v1 eigenvector that are orthogonal to
v0 and also preserve the initial input order. However, the
specific choice of v1 imposes equal distances between the
elements of the eigenvector v1 and thus also on the “contin-
uous” ordering solution between the objects. In the absence
of further knowledge on the initial input ordering it would
not be reasonable to impose the additional bias of unequal
distances between the objects.

Based on the definition of Linput we derive the final
Laplacian as a linear combination of the original data Lapla-
cian (thereafter referred to as Ldata) and Linput as:

Lsemi = cLdata + (1 − c)Linput

where 0 ≤ c ≤ 1 is a confidence factor associated with each
component of the summation. The behavior of Lsemi can be
understood if we write Lsemi as:

Lsemi = D−1/2(cWdata + (1 − c)Winput)D
−1/2

which is possible since Linput is defined with the same de-
gree matrix as Ldata. This illustrates the main intuition of
the semi-supervised framework that essentially adjusts the
similarities of the original Laplacian such that the ordering
is taken into account.

Intuitively one would expect that the use of supervision
increases the reliability of the ordering results. This intu-
ition is reflected in the eigengaps of Lsemi. As demonstrated
in the subsequent analysis, they can be enlarged with the
appropriate choice of the c parameter, as compared to Ldata.

6.2. Theoretical analysis of the semi-
supervised framework

We will now analyze theoretically the behavior of the
eigenvalues of Lsemi with respect to the parameter c, the
eigenstructure of Ldata as well as the ordering solutions of
Ldata and Linput. In most theorems we derive the required
amount of supervision (i.e. required value for (1 − c) or c)
such that the desired eigenvalue bounds, or eigengaps are
achieved. We can summarize the theoretical results as fol-
lows:

• Theorem 6.1 demonstrates that parameter c can fully
control the eigenvalues of Lsemi, almost independent of
the structure of the Laplacians Ldata and Linput.



• Theorem 6.2 demonstrates that if the eigenvalues of
Ldata are close to the bounds we wish to derive for the
eigenvalues of Lsemi, then these can be achieved with
little supervision (i.e. small values for (1 − c)).

• Theorems 6.3,6.4,6.5 demonstrate that the behavior of
the eigenvalues depends also on the ordering solutions
as derived by Ldata and Linput. When the ordering solu-
tions conform to a high degree, then the eigengaps are
enlarged even with little supervision (i.e. small values
for (1 − c)).

We will start with the dependence of the eigenvalues of
Lsemi with respect to the parameter c. The following the-
orem demonstrates that with the appropriate choice of pa-
rameter c, large eigengaps can be achieved.

Theorem 6.1. Let Ldata be an n × n normalized Graph
Laplacian, c a real number such that 0 ≤ c ≤ 1 and Linput be
the Laplacian as derived by an initial input ordering. Define
the matrix Lsemi = cLdata + (1 − c)Linput. Its largest eigen-
value will be λ1(Lsemi) = 1, its second eigenvalue will reside
in the interval 1

2 − c
2 + cλn(Ldata) ≤ λ2(Lsemi) ≤ 1

2 +
c
2 , where

λn(Ldata) is the smallest eigenvalue of matrix Ldata, and its
third eigenvalue will be smaller than c, λ3(Lsemi) ≤ c.

Proof. In order to compute the appropriate bounds for the
eigenvalues of Lsemi we can employ Weyl’s theorem on the
matrices cLdata, (1−c)Linput and Lsemi = cLdata+(1−c)Linput

and derive for the largest eigenvalue of Lsemi, λ1(Lsemi) :

λ1(Lsemi) ≤ λ1(cLdata) + λ1((1 − c)Linput)

Based on the fact that λ1(cLdata) = c·1 = c (since the largest
eigenvalue of Ldata is 1) and λ1((1 − c)Linput) = (1 − c) · 1
(since the largest eigenvalue of Linput is 1) we can derive:

λ1(Lsemi) ≤ 1.

Moreover for the first Laplacian eigenvector v0, we have
that Lsemiv0 = [cLdata + (1 − c)Linput]v0 = cLdatav0 + (1 −
c)Lsemiv0 = c ·v0+ (1−c) ·v0 = v0. Thus v0 is an eigenvector
of Lsemi with corresponding eigenvalue 1. Thus

λ1(Lsemi) = 1.

Concerning the second eigenvalue of Lsemi we can employ
Weyl’s theorem and state:

λ2((1 − c)Linput) + λn(cLdata) ≤ λ2(Lsemi) ≤
λ2((1 − c)Linput) + λ1(cLdata).

It holds λ2((1 − c)Linput) = (1 − c) 1
2 , λn(cLdata) = cλn(Ldata)

and λ1(cLdata) = c. Thus,

(1 − c)
1
2
+ cλn(Ldata) ≤ λ2(Lsemi) ≤ (1 − c)

1
2
+ c⇔

1
2
− c

2
+ cλn(Ldata) ≤ λ2(Lsemi) ≤ 1

2
+

c
2

Concerning the third eigenvalue of Lsemi we can employ
Weyl’s theorem and state:

λ3(Lsemi) ≤ λ3((1 − c)Linput) + λ1(cLdata).

We have λ3((1 − c)Linput) = (1 − c) · 0 = 0 (since Linput has
only two non-zero eigenvalues) and λ1(cLdata) = c. Thus

λ3(Lsemi) ≤ c

�

The bounds derived in the theorem above depend solely
on the parameter c and illustrate that with the appropriate
choice of parameter c, large eigengaps can be achieved.
However, if the eigengaps of matrix Ldata are already large,
then little supervision (i.e. smaller values of (1 − c)) is re-
quired. The subsequent theorem illustrates this connection.

Theorem 6.2. Let Ldata be an n × n normalized Graph
Laplacian, and Linput be the the Laplacian as derived by an
initial input ordering. Define the matrix Lsemi = [cLdata +

(1 − c)Linput]. In order to derive an upper bound λ2 ≥ 1
2

on the second eigenvalue of Lsemi, λ2(Lsemi) ≤ λ2, we must

set c =
λ2− 1

2

λ2(Ldata)− 1
2
. In order to derive an upper bound on

the third eigenvalue of Lsemi, λ3(Lsemi) ≤ λ3, we must set

c ≤ λ3+λ2− 1
2

λ3(Ldata)+λ2(Ldata)− 1
2
.

Proof. In order to apply Wilkinson’s theorem, we consider
that matrix Lsemi is composed by a rank-2 update on matrix
cLdata. We can write for the three largest eigenvalues of
Lsemi:

λ1(Lsemi) = cλ1(Ldata) + m11(1 − c) + m12
1−c

2
λ2(Lsemi) = cλ2(Ldata) + m21(1 − c) + m22

1−c
2

λ3(Lsemi) = cλ3(Ldata) + m31(1 − c) + m32
1−c

2

Since the largest eigenvalue of Lsemi is equal to 1, we have:
λ1(Lsemi) = 1 ⇒ cλ1(Ldata) + m11(1 − c) + m12

1−c
2 = 1 ⇒

c + (m11 +
m12

2 )(1 − c) = 1⇒ m11 +
m12

2 = 1.
Moreover, we have

∑n
i=1(mi1 +

mi2
2 ) = 1 + 1

2 ⇒ m11 +
m12

2 +∑n
i=2(mi1 +

mi2
2 ) = 1 + 1

2 ⇒
∑n

i=2(mi1 +
mi2
2 ) = 1

2 .
Thus m21 +

m22
2 ≤ 1

2 .
Now for the second eigenvalue we can write:
λ2(Lsemi) = cλ2(Ldata) +m21(1 − c) +m22

1−c
2 ≤ cλ2(Ldata) +

1−c
2 .

Recall that we aim at determining the appropriate c such
that the upper bound λ2 is achieved. Thus we have:

cλ2(Ldata) + 1−c
2 = λ2 ⇒ c =

λ2− 1
2

λ2(Ldata)− 1
2

In order to derive the appropriate bound for the third
eigenvalue we should initially observe that m21 +

m22
2 =

λ2(Lsemi)−cλ2(Ldata)
1−c .

Thus,
∑n

i=3(mi1 +
mi2
2 ) = 1

2 − λ2(Lsemi)−cλ2(Ldata)
1−c ⇒ m31 +

m32
2 ≤



1
2 − λ2(Lsemi)−cλ2(Ldata)

1−c .
Now for the third eigenvalue we can write:
λ3(Lsemi) = cλ3(Ldata) +m31(1 − c) +m32

1−c
2 ≤ cλ3(Ldata) +

1−c
2 − λ2(Lsemi) + cλ2(Ldata).

Recall that we aim at determining the appropriate c such
that the upper bound λ3 is achieved. Thus we have:
cλ3(Ldata) + 1−c

2 − λ2(Lsemi) + cλ2(Ldata) = λ3 ⇒ c =
λ3+λ2(Lsemi)− 1

2

λ2(Ldata)+λ3(Ldata)− 1
2
≤ λ3+λ2− 1

2

λ2(Ldata)+λ3(Ldata)− 1
2 �

The derived c for the second eigenvalue is meaning-
ful when the desired upper bound λ2(Lsemi) is smaller than
λ2(Ldata), and when both are larger that 1

2 , as this ensures
that c ∈ [0, 1]. This is a natural setup because in order to
achieve stability one should lower the second eigenvalue, as
this will enlarge the eigengap between the first eigenvalue
(which is always equal to 1) and the second. Concerning
the derived c for the third eigenvalue, it is meaningful (i.e.
c ∈ [0, 1]), when λ3(Lsemi) is smaller than λ3(Ldata).

One would generally expect the behavior of the Lsemi =

cLdata + (1 − c)Linput matrix to also depend on the eigen-
vectors of Ldata and Linput and not solely on the eigenval-
ues. It would be intuitive to consider that when the ordering
solutions as derived by Ldata and Linput conform to a high
degree, then even with little supervision (i.e. small values
of (1 − c)), the reliability of the ordering results is rapidly
increased. This is demonstrated in the following theorems.

Theorem 6.3 (Best Case Scenario). Let Ldata = v0vT
0 +

λ2v2vT
2 + ... + λnvnvT

n be the data Laplacian matrix and
Linput = v0vT

0 +
1
2 v1vT

1 . If the ordering solution as de-
rived by the second eigenvector of Ldata is equal to the
provided supervision v2 = v1, then the eigenvalues of ma-
trix Lsemi = cLdata + (1 − c)Linput will be λ1(Lsemi) = 1,
λ2(Lsemi) = cλ2(Ldata) + 1−c

2 , and λi(Lsemi) = cλi(L), for i =
3, ..., n. Moreover, the required supervision for achieving
the eigengap λ1(Lsemi)− λ2(Lsemi) = gap, is c = 1/2−gap

λ2(Ldata)−1/2 ,
and the required supervision for achieving the eigengap
λ2(Lsemi) − λ3(Lsemi) = gap, is c = 1/2−gap

1/2−(λ2(Ldata)−λ3(Ldata)) .

Proof. We have that the original data Laplacian is decom-
posed as Ldata = v0vT

0 + λ2v2vT
2 + ... + λnvnvT

n and Linput =

v0vT
0 +

1
2 v2vT

2 (since the two matrices induce the same order
solution, i.e. v2 = v1). Thus:
Lsemi = cLdata+(1−c)Linput = v0vT

0 +(cλ2(Ldata)+ 1−c
2 )v2vT

2 +

cλ3(Ldata)v3vT
3 + ... + cλn(Ldata)vnvT

n .
Based on the above, we can derive the required c value as:
λ1(Lsemi) − λ2(Lsemi) = gap ⇒ 1 − cλ2(L) − 1−c

2 = gap ⇒
c = 1/2−gap

λ2(Ldata)−1/2

λ2(Lsemi)−λ3(Lsemi) = gap⇒ cλ2(Ldata)+ 1−c
2 −cλ3(Ldata) =

gap⇒ c = 1/2−gap
1/2−(λ2(Ldata)−λ3(Ldata)) . �

On the other hand, when the initial input ordering solu-
tion corresponds to the eigenvector of Ldata that is associ-

ated with the smallest eigenvector, then more supervision
(i.e. larger values of (1 − c)) is required.

Theorem 6.4 (Worst Case Scenario). Let Ldata = v0vT
0 +

λ2v2vT
2 + ... + λnvnvT

n be the data Laplacian matrix and
Linput = v0vT

0 +
1
2 v1vT

1 . If the provided supervision is equal
to the last eigenvector of the Laplacian matrix v1 = vn, then
the eigenvalues of matrix Lsemi = cLdata + (1 − c)Linput, will
be λ1(Lsemi) = 1, λn(Lsemi) = cλn(Ldata) + 1−c

2 and the rest
will be λi(Lsemi) = cλi(Ldata), for i = 2, ..., n − 1. More-
over, the required supervision for achieving the eigengap
λ2(Lsemi) − λ3(Lsemi) = gap, is c = 1/2−gap

1/2+(λ2(Ldata)−λn(Ldata)) .

Proof. We have that Lsemi = cLdata + (1 − c)Linput = v0vT
0 +

cλ2(Ldata)v2vT
2 +cλ3(Ldata)v3vT

3 + ...+ (cλn(Ldata)+ 1−c
2 )vnvT

n .
Thus the eigengap between the second and the third eigen-
value will steadily become smaller as supervision increases
(i.e. (1 − c) increases), until the eigenvalue corresponding
to the eigenvector vn gets larger than cλ2(Ldata). Based on
the above, we can derive the required c value as:
λ2(Lsemi)−λ3(Lsemi) = gap⇒ cλn(Ldata)+ 1−c

2 −cλ2(Ldata) =

gap⇒ c = 1/2−gap
1/2−(λn(Ldata)−λ2(Ldata)) �

In general, we can express the initial input ordering so-
lution (i.e. the second eigenvector of Linput) as a linear com-
bination of the eigenvectors of Ldata. Based on this decom-
position, it would be intuitive to expect that the eigenvec-
tors that do not participate in the input ranking solutions
are downgraded in importance. This is demonstrated in the
subsequent theorem.

Theorem 6.5. Let Ldata = v0vT
0 + λ2v2vT

2 + ... + λnvnvT
n be

the data Laplacian matrix and Linput = v0vT
0 +

1
2 v1vT

1 . Write
v1 as a linear combination of the eigenvectors of the data
Laplacian matrix4, v1 = w2v2 + w3v3 + ... + wnvn. Then the
eigenvalues of Lsemi = cLdata+(1−c)Linput are λ1(Lsemi) = 1,
and λi(Lsemi) = cλi(Ldata) for all i such that wi = 0.

Proof. We have that Linput = v0vT
0 +

1
2 v1vT

1 = v0vT
0 +

1
2 (w2v2+

w3v3 + ... + wnvn)(w2vT
2 + w3vT

3 + ... + wnvT
n ). It is evident

that for those vi such that wi = 0 we will have Linputvi = 0.
Thus, Lsemivi = cλi(Ldata)vi. �

This theorem signifies that the eigenvectors that do not
participate in the input ranking solution will be quickly
downgraded in importance (through the shrinkage of their
eigenvalues), while the rest will finally converge to v1. The
same effect will take place concerning the eigenvectors that
have small significance in the solution (i.e. wi ≈ 0).

4This is always possible since {u2, ..., un} are orthogonal to v0 and to
each other, thus forming a basis for every vector that is orthogonal to v0.



6.3. Quantification of uncertainty

As we have analyzed in section 3, an integral component
of stability assessment is the quantification of uncertainty
in the form of an error-perturbation matrix E. Since, we
have already defined three matrices in the previous section
(Ldata, Linput and Lsemi), we will need to define an appro-
priate perturbation matrix E for each. We will begin with
Linput that is associated with the initial input ordering. Sup-
pose we can characterize the degree of reliability in the su-
pervision by comparing two rankings produced by the do-
main knowledge: if these are close to each other, then the
domain knowledge is reliable. For both rankings we gener-
ate a corresponding eigenvector as was described in Section
6.1, and the difference between these vectors will be de-
noted as v = u1 − u2 where u1 and u2 are the two ranking
eigenvectors. The element v(i) gives the uncertainty related
to object i. The input perturbation matrix Einput is a rank-1
matrix

Einput = 1/2vvT . (2)

We will define the error-perturbation matrix for the Ldata

matrix in a way that will enable feature selection for uncer-
tainty reduction. We initially observe that the order solution
of Ldata = D−1/2WD−1/2 = D−1/2XT XD−1/2 can be derived
by D−1/2XT u2, where u2 is the second eigenvector of the
“feature Laplacian” Lf eat = XD−1XT . Notice that Ldata and
Lf eat have the same eigenvalues and if u is an eigenvector
of Lf eat, then D−1/2XT u is an eigenvector of Ldata. Thus,
the stability of the ordering solution can be derived by the
stability of the Lf eat matrix. In order to quantify the uncer-
tainty associated with the elements of Lf eat, we bootstrap
the observations (here, excavation sites) and produce boot-
strap confidence intervals for the elements of the Lf eat ma-
trix (pair-wise feature similarities). Consequently, we de-
fine matrix Edata such that Edata(i, j) is the maximum differ-
ence between Lf eat(i, j) and the endpoints of the respective
confidence interval.

The error-perturbation matrix of Lsemi is derived by the
norms of the matrices that take part in the summation. More
precisely, we define

||Esemi||2 = c||Edata||2 + (1 − c)||Einput ||2. (3)

Having defined all the appropriate error-perturbation ma-
trices, we can move on to evaluate the stability of the spec-
tral ordering framework and explore possible approaches
for uncertainty reduction.

6.4. Feature selection for uncertainty reduc-
tion

Based on the definition of Edata as the perturbation of a
feature × feature matrix, we can consider feature selection

for uncertainty reduction. The proposed framework is sim-
ilar in spirit with [11], where the features that contribute
maximally to the norm of Edata matrix are sequentially re-
moved. More precisely, at each step of the algorithm, the
feature that corresponds to the column (or row) of matrix
Edata that has the highest norm is removed. Although, we
employ feature selection in the same manner as in [11] we
should stress that there are some important differences. The
main difference is concerned with the fact that the new per-
turbation matrix E′data, as induced by the removal of a fea-
ture, will not be a principal submatrix of Edata. This is be-
cause the removal of a feature will influence the values of
the degree matrix D, thus affecting the confidence intervals
of all the feature-pairs. In order to address this issue, we re-
compute the confidence intervals and Edata matrix after each
feature is removed. However, it should be noted that when
there is a large number of features, we can expect that the
degree matrix is not severally affected and thus we can con-
sider the principal submatrix of Edata (after removing the
row and column i that corresponds to the removed feature)
as an accurate approximation of the new perturbation ma-
trix E′data. When this is the case, it is guaranteed that the
the uncertainty, as expressed by the norm ||Edata||2 will be
reduced.

7. Related work

Concerning the semi-supervised component, our work
is conceptually related to personalized Pagerank [9]. Per-
sonalized Pagerank derives the stationary probability of the
random walk based on a weighted linear combination of
the transition matrix and a prior distribution, in the form of
A = [cP+(1−c)S ]T , where P is the row-stochastic transition
matrix and S = euT , where u contains the prior distribution.
Apart from the intuitive probabilistic interpretation of the A
matrix, it has been shown that parameter c can control the
eigengap between the largest and the second eigenvalue.

Theorem 7.1 (Haveliwala and Kamvar [10]). Let P be an
n × n row-stochastic matrix. Let c be a real number such
that 0 ≤ c ≤ 1. Let S be the n × n rank-one row-stochastic
matrix S = euT , where e is the n-vector whose elements are
all ei = 1 and u is an n-vector that represents a probability
distribution. Define the matrix A = [cP + (1 − c)S ]T . Its
second eigenvalue is |λ2| ≤ c.

Concerning the feature selection component our work is
conceptually related to Stability based Sparse PCA [11].
In this work the authors consider the use of feature selec-
tion for uncertainty reduction in the context of PCA, and
demonstrate empirically that feature selection can stabilize
the PCA results in several real-world UCI datasets.

We use results from matrix perturbation theory [14], stat-
ing that the rank-k approximation of a matrix A is close to a



rank-k approximation of A+E, if E has weak spectral prop-
erties compared to those of A. Somewhat similar properties
have been used in a different setting, namely speeding up
SVD and kernel PCA: Achlioptas [1] shows how to choose
the perturbation E based on the elements of the A matrix,
such that the matrix A + E is either a quantized or sampled
version of A, making eigenvalue algorithms work faster.

The prospects of spectral ordering in the paleontologi-
cal domain have been demonstrated by Fortelius et al [6].
In this work, plain spectral ordering of the sites, based on
mammal co-occurrences and discarding the age information
of the sites, was considered. In addition, Puolamäki et al
[13] present a full probabilistic model that again only con-
siders the co-occurrences in the data.

8 Empirical results

In the experiments we aim at verifying that the proposed
framework enhances the stability of spectral ordering and
increases the relevant eigengaps in the paleontological data.
Recall that this will increase the reliability of the ordering
results and improve on the convergence rate of the power
method. The experiments indeed verify the anticipated be-
havior and increase the relevant eigengaps (demonstrated in
Sections 8.2,8.3) and also the stability of the ordering re-
sults (demonstrated in Section 8.3).

8.1 Data

The paleontological data we are considering consists of
findings of land mammal genera in Europe and Asia 25 to 2
million years ago. The data set is stored and coordinated in
the University of Helsinki, Department of Geology [3]. Our
version of the data set was downloaded on June 26, 2007.

The observations in our data are the sites of excavation
and the features are mammal genera whose remains are
found at these sites. In total we have 1887 observations
and 823 features. The data matrix is 0-1 valued: an entry
xi j = 1 means that mammal i was found at site j, and 0
otherwise. The data is very sparse: about 1 per cent of the
entries are nonzero. We will also work with a small sub-
set of data containing 1123 observations and 18 features;
this subset is more dense, having 12 per cent of its entries
nonzero. Thereafter we will refer to the sparse dataset as
paleosp and the dense dataset as paleod.

In addition, we have auxiliary information on the esti-
mated ages of the sites: an approximate age for each site,
and also a more precise age for some sites; the methods
available for estimating the ages vary from site to site, and
thus at some sites the information is more certain than at
others. The approximate ages will be used to construct an
initial ranking rinput of the sites, and this will be used as an
input in the semi-supervised setting, results of which will

be presented in Section 8.2. Both the precise and approx-
imate ages will be needed when quantifying our belief in
the initial ranking, that is, defining the perturbation matrix
Einput of Linput as discussed in Section 6.3; empirical results
on this will be shown in Section 8.3.

We will assume that the data is fully connected in that
the algebraic multiplicity of the first eigenvalue of the data
Laplacian is 1: if this is not the case, the removal of dis-
connected observations will be a preprocessing step. In
addition, we will preprocess the data such that almost-
disconnected components are removed too: these corre-
spond to objects that are very weakly connected to the rest
of the objects. For such objects i, the value r(i) in the order
vector r (obtained by sorting the second eigenvector) is very
large compared to other r( j).

8.2 Effect of supervision on the stability

Let us first demonstrate that the eigengaps of the data
Laplacian increase when domain knowledge is taken into
account. These experiments were performed on the sparse
and large paleosp dataset, where the initial eigengaps are
small. Recall that the stability of spectral ordering essen-
tially depends on two factors, one of which are the eigen-
gaps between the first and second eigenvalue and the second
and third eigenvalue of the Laplacian. Figure 1 shows the
behavior of the eigengaps of the semi-supervised Laplacian
Lsemi = cLdata + (1 − c)Linput at a varying level of supervi-
sion. Choosing 1 − c = 0 corresponds to no supervision, in
which domain knowledge is not taken into account and the
spectral ordering is done based on feature co-occurrences
only; the eigengaps at c = 1 thus show the eigengaps of the
data Laplacian. In contrast, 1 − c = 1 corresponds to the
trivial case of full supervision of the ranking, in which co-
occurrences in the data are not taken into account but only
the domain knowledge ranking is used. We observe that
both eigengaps increase rapidly when the level of supervi-
sion increases. Thus the spectral ordering becomes more
stable as more emphasis is put on the domain knowledge.

8.3 Effect of feature selection on the sta-
bility

We will then demonstrate that the stability of the spec-
tral ordering increases as features are removed step by step.
The removed features will be chosen based on their con-
tribution on the variability of the feature-feature similarity
matrix, measured as matrix Edata discussed in Section 6.4.
It should be noted that after each feature is removed, Lsemi

is reevaluated based on Linput and Ldata which are appropri-
ately recomputed.

We will measure the stability of the spectral ordering by
a “stability factor” s f that depends on the eigengaps and the
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Figure 1. Eigengaps λ1(Lsemi)−λ2(Lsemi) (+) and
λ2(Lsemi)−λ3(Lsemi) (◦) at varying level of super-
vision. Horizontal axis: 1 − c, confidence in
domain knowledge. 1− c = 0: no supervision;
1 − c = 1: full supervision.

norm of the perturbation matrix:

s fsemi =
min(λ1(Lsemi) − λ2(Lsemi), λ2(Lsemi) − λ3(Lsemi))

||Esemi||2
(4)

For the stability factor we will need appropriate values for
Lsemi and ||Esemi||2.

Let us first construct the semi-supervised Laplacian
Lsemi = cLdata + (1 − c)Linput. For this we need to carefully
choose the confidence factor c reflecting our belief in the
observed data versus the initial ranking. We can either rely
on a domain expert or better still, derive c from the body of
domain knowledge: we will choose to define

c = ||Einput ||2/(||Edata||2 + ||Einput ||2) (5)

which naturally characterizes the confidence such that a
large perturbation in the initial input ranking leads to a high
confidence in the observed data, and vice versa. In the def-
inition (5), the data perturbation Edata will be obtained by
bootstrap sampling as discussed in section 6.3. The input
perturbation Einput for paleontological data will be derived
based on the availability of approximate or precise ages for
each site: in addition to the initial ranking rinput based on
approximate ages of the sites, we construct another initial
ranking rs using the precise ages available for some of the
sites. (The sites for which a precise age is not available will
get an average ranking in rs.) For both rankings rinput and rs

we generate a corresponding eigenvector, vinput and vs, us-
ing Equation (1). We then take the difference between these
eigenvectors as v = vinput − vs and use that in place of v
in Equation (2), to measure the difference between the two

orderings. This gives us the perturbation Einput associated
with the domain knowledge. Having now collected all the
necessary components, we can construct the matrix Lsemi.

For the stability factor in Equation (4) we also need the
value for ||Esemi||2. Based on the definition for c, the equa-
tion (3) now simplifies

||Esemi||2 = c||Edata||2+(1−c)||Einput ||2 = 2||Edata||2||Einput ||2
||Edata||2 + ||Einput ||2

(6)
Having now defined all components of the stability fac-

tor (4) let us then see how it behaves when features are it-
eratively removed. Figure 2 shows the results. We have
employed subset paleod of 1123 observations and 18 fea-
tures in this experiment. At each iteration, one feature is
removed based on its contribution to the data perturbation.
Simultaneously, a few observations typically get removed,
as they have become disconnected with the other observa-
tions due to the removal of the feature in question. The
stability factor of the semi-supervised Laplacian increases
during feature selection, showing that feature selection en-
hances the stability of spectral ordering.
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Figure 2. Stability factor during feature selec-
tion. Horizontal axis: iteration. One feature is
removed at each iteration.

In addition, recall that the eigengap between the second
and third eigenvalue affects the convergence of the power
method, as discussed in Section 4.2. Figure 3 shows that
this eigengap increases during feature selection, both in the
original data and in the semi-supervised setting. Thus fea-
ture selection enhances the behaviour of the power method
in both the original spectral ordering framework and the
semi-supervised framework.

9 Discussion

In this paper we have shown how to increase the sta-
bility of spectral ordering using two separate tools: par-



0 1 2 3 4 5 6 7

0.1

0.15

0.2

0.25

Iteration

E
ig

en
ga

p 
λ 2−

λ 3

 

 

λ
2
(Lsemi)−λ

3
(Lsemi)

λ
2
(Ldata)−λ

3
(Ldata)
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tial supervision in the form of a (possibly uncertain) do-
main knowledge ordering, and sparsification in the form of
feature selection. We have presented a detailed theoretical
analysis showing how the eigengaps between the first and
second eigenvalue, and the second and third eigenvalue, of
the Laplacian affect the stability, and how partial supervi-
sion will increase the eigengaps. Feature selection in turn
will decrease the norm of the perturbation matrix E that
quantifies the uncertainty associated with the observed data.

Our main application area is paleontology: we have con-
sidered the ordering of the sites of excavation in paleonto-
logical data, by complementing spectral ordering with do-
main knowledge of the approximate ages of the sites. The
paleontological data is noisy in that many observations are
missing, and prone to small changes when the findings are
more carefully examined. Also, we never have access to the
exact ages of the sites. Thus when ordering the sites, the
best we can aim at is an ordering that is as stable as possible
with respect to small variations in the data. This motivates
our task of optimizing the stability of spectral ordering. We
have shown that in the paleontological data, the eigengaps
quickly increase as semi-supervision is used. Also, feature
selection, by removing the mammals that contribute most to
the variation of the results in bootstrap sampling, is demon-
strated to increase the stability of spectral ordering.

In future work we aim at exploring the potentials of our
framework in different application domains, where partial
supervision is naturally present. Moreover, we aim at ex-
tending the proposed framework to spectral clustering.
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[13] K. Puolamäki, M. Fortelius, and H. Mannila. Seriation in pa-
leontological data using Markov Chain Monte Carlo meth-
ods. PLoS Computational Biology, 2(2):e6, 2006.

[14] G. W. Stewart and G.-J. Sun. Matrix Perturbation Theory.
Academic Press, 1990.

[15] U. von Luxburg. A tutorial on spectral clustering. Statistics
and Computing, 17(4):395–416, 2007.

[16] U. von Luxburg, M. Belkin, and O. Bousquet. Consistency
of spectral clustering. Annals of Statistics, 36(2):555–586,
2008.

[17] J. H. Wilkinson. The Algebraic Eigenvalue Problem. Oxford
University Press, 2004.



<<
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /CMBX12
    /CMBX5
    /CMBX6
    /CMBX7
    /CMBX8
    /CMBX9
    /CMBXSL10
    /CMBXTI10
    /CMCSC10
    /CMCSC8
    /CMCSC9
    /CMDUNH10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /CMFI10
    /CMFIB8
    /CMINCH
    /CMITT10
    /CMMI10
    /CMMI12
    /CMMI5
    /CMMI6
    /CMMI7
    /CMMI8
    /CMMI9
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /CMR12
    /CMR17
    /CMR5
    /CMR6
    /CMR7
    /CMR8
    /CMR9
    /CMSL10
    /CMSL12
    /CMSL8
    /CMSL9
    /CMSLTT10
    /CMSS10
    /CMSS12
    /CMSS17
    /CMSS8
    /CMSS9
    /CMSSBX10
    /CMSSDC10
    /CMSSI10
    /CMSSI12
    /CMSSI17
    /CMSSI8
    /CMSSI9
    /CMSSQ8
    /CMSSQI8
    /CMSY10
    /CMSY5
    /CMSY6
    /CMSY7
    /CMSY8
    /CMSY9
    /CMTCSC10
    /CMTEX10
    /CMTEX8
    /CMTEX9
    /CMTI10
    /CMTI12
    /CMTI7
    /CMTI8
    /CMTI9
    /CMTT10
    /CMTT12
    /CMTT8
    /CMTT9
    /CMU10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


