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E-Tree: An Efficient Indexing Structure
for Ensemble Models on Data Streams

Peng Zhang, Chuan Zhou, Peng Wang, Byron J. Gao, Xingquan Zhu, and Li Guo

Abstract—Ensemble learning is a common tool for data stream classification, mainly because of its inherent advantages of
handling large volumes of stream data and concept drifting. Previous studies, to date, have been primarily focused on building
accurate ensemble models from stream data. However, a linear scan of a large number of base classifiers in the ensemble during
prediction incurs significant costs in response time, preventing ensemble learning from being practical for many real-world time-
critical data stream applications, such as Web traffic stream monitoring, spam detection, and intrusion detection. In these
applications, data streams usually arrive at a speed of GB/second, and it is necessary to classify each stream record in a timely
manner. To address this problem, we propose a novel Ensemble-tree (E-tree for short) indexing structure to organize all base
classifiers in an ensemble for fast prediction. On one hand, E-trees treat ensembles as spatial databases and employ an R-tree like
height-balanced structure to reduce the expected prediction time from linear to sub-linear complexity. On the other hand, E-trees
can be automatically updated by continuously integrating new classifiers and discarding outdated ones, well adapting to new trends
and patterns underneath data streams. Theoretical analysis and empirical studies on both synthetic and real-world data streams

demonstrate the performance of our approach.

Index Terms—Stream data mining, classification, ensemble learning, spatial indexing, concept drifting

1 INTRODUCTION

DATA stream classification represents one of the most
important tasks in data stream mining [1], [2], which
has been popularly used in real-time intrusion detection,
spam filtering, and malicious website monitoring. In the
applications, data arrive continuously in a stream fashion,
timely predictions in identifying malicious records are of
essential importance.

Compared to traditional classification, data stream classi-
fication is facing two extra challenges: large/increasing data
volumes and drifting/evolving concepts [3], [4]. To address
these challenges, many ensemble-based models have been
proposed recently, including weighted classifier ensembles
[5]1, [6], [71, [8], [9], incremental classifier ensembles [10],
classifier and cluster ensembles [11], to name a few. While
these models vary from one to another, they share striking
similarity in their design: using divide-and-conquer techniques
to handle large volumes of stream data with concept drifting.
Specifically, these ensemble models partition continuous
stream data into small data chunks, build one or multiple
light-weight base classifier(s) from each chunk, and
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combine base classifiers in different ways for prediction.
Such an ensemble learning design enjoys a number of
advantages such as scaling well, adapting quickly to new
concepts, low variance errors, and ease of parallelization.
As a result, ensemble has become one of the most popular
techniques in data stream classification.

To date, existing works on ensemble learning in data
streams mainly focus on building accurate ensemble mod-
els. Prediction efficiency has not been concerned mainly
because (1) prediction typically takes linear time, which is
sufficient for general applications with undemanding pre-
diction efficiency. (2) Existing works only consider combin-
ing a small number of base classifiers, e.g., no more than 30
[5], [11], [12]. However, there are increasingly more real-
world applications where stream data arrive intensively in
large volumes. In addition, the hidden patterns underneath
data streams may change continuously, which requires a
large number of base classifiers to capture various patterns
and form a quality ensemble. Such applications call for fast
sub-linear prediction solutions.

Motivating example. In online webpage stream monitor-
ing, ensemble learning can be used to identify malicious
pages from normal pages, both arriving continuously, in
real time. We deployed a detection system on a Linux
machine with 3 GHz cpu and 2 GB memory. Each day, a
batch of base classifiers are trained using decision trees
(C4.5 algorithm [13]) with all base classifiers being com-
bined to classify pages in the next day. In our experiments,
in total 120 days of stream data [14] were used.

The curve in Fig. 1 summarizes our experimental results,
showing the typical linear relationship between prediction
time and ensemble size. For example, it takes an ensemble
with 50 members 0.083 second to classify a page. Suppose
that the webpage stream flows 10,000 pages per second,
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Fig. 1. Prediction time versus ensemble size.

which is common for backbone networks. Then, monitoring
all stream records requires a sophisticated parallel comput-
ing architecture having 830 processors!

To achieve sub-linear time for prediction, a practical
approach is to explore shared patterns among all base classi-
fiers. Without loss of generality, suppose that base classifiers
of an ensemble are built using decision trees. Then, each
base classifier is comprised of a batch of decision rules. Each
decision rule covers a rectangular area in the decision space,
and can be considered as a spatial object in the decision
space. This way, each base classifier is converted to a batch
of spatial objects, and an ensemble model is converted to a
spatial database as shown in Fig. 2. By doing so, the problem
can be reduced to exploring shared patterns among all spa-
tial objects (base classifiers) in the spatial database (ensem-
ble model).

Challenges. Spatial databases have been extensively stud-
ied in the past several decades. Many spatial indexing struc-
tures exist that utilize shared patterns among spatial data to
reduce query and update costs [15]. Examples include R-
tree [16], R*-tree [17], R -tree [18], M-tree [19], to name a few
[20]. Generally, these methods can be used to index ensem-
ble models. However, compared to traditional spatial data-
bases, indexing ensemble models has its unique
characteristics that pose non-trivial technical challenges:

o Complex indexing objects. Existing spatial indexing
methods are designed for conventional spatial data
such as image, map, and multimedia data. The
indexing objects for ensemble models are decision
rules with much richer information, including class
labels, class probability distribution, and weights of
classifiers.

e Different objectives. Conventional spatial indexing
aims at fast retrieval and updating of spatial data.
Ensemble model indexing aims at fast prediction of
incoming stream records.

o Changing data distributions. Due to concept drifting,
hidden patterns underneath stream data change
continuously. Therefore a decision region in ensem-
ble models may be associated with different class
labels.

Decision rule )Y

Base classifier

" Rectangle

Spatial objects

Spatial

Ei I
nsemble database

Fig. 2. Mapping an ensemble model to a spatial database.

TABLE 1
List of Symbols
Symbol | Description

E classifier ensemble

C; a base classifier in ensemble E

N number of decision rules (rectangular objects)
(C] rectangle bounding of a decision rule

M node capacity

m minimal entries in a node

Rij the jth decision rule of the ith base classifier in ensemble
h E-tree height

L average length on the j-th axis of a level-i node
1.1 length of an interval 7

1.s(e) starting (ending) point of an interval /

c concept drifting rate

b% threshold of class label decision

A number of equal partitions on the range [0, 1]
o n boundaries of two nodes incurred by insertion
My, the largest ending point of the first « interval
Eu probability of an interval equals [p/’\l,r]%]

E;, probability of the u-th interval equals [;1%,17%]

E'Zq( <5 probability that both Ej, and M, < ¢ Xl stand

Our solution. In light of these challenges, in this paper we
propose a novel Ensemble-tree (E-tree for short) structure
that organizes base classifiers in a height-balanced tree
structure to achieve logarithmic time complexity for predic-
tion. Technically, an E-tree has three key operations:
(1) Search: traverse an E-tree to classify an incoming stream
record z; (2) Insertion: Integrate new classifiers into an
E-tree; (3) Deletion: Remove outdated classifiers from an
E-tree. As a result, the E-tree approach not only guarantees
a logarithmic time complexity for prediction, but is also
able to adapt to new trends and patterns in stream data.

The rest of the paper is structured as follows. Section 2
introduces the ensemble indexing problem. Section 3
describes the main structure and key operations of E-trees.
Section 4 studies the theoretical aspects of E-trees. Section 5
reports experiments. Section 6 surveys related work, and
we conclude the paper in Section 7. Important symbols
used in the paper are summarized in Table 1.

2 PROBLEM DESCRIPTION

Consider a two-class data stream S consisting of an infinite
number of records {(z;,v;)}, where ;€ RY is a
d-dimensional attribute vector, and y; € {normal, abnormal}
is the class label, which is unobservable unless the sample is
properly labeled. Suppose that we have built n base classi-
fiers Cy,Cy, ..., C, from historical stream data using a deci-
sion tree algorithm (such as C4.5). All the n base classifies are
combined together as an ensemble classifier £. Each base
classifier C; (1 <i<n) is comprised of ! decision rules
R;; (1 < j <) represented by conjunction literals (i.e., rules
are expressed as “if ...then...”). Then, there are N =n x [
decision rules in the ensemble E. The aim of this paper is to
generate accurate prediction for an incoming stream record
z, using the ensemble model E, with sub-linear time com-
plexity O(log(N)).

In order to achieve this goal, we first convert each base
classifier C; (1 <i<mn) into a batch of spatial objects
0;; (1 < j <). This way, the ensemble model E is converted
to a spatial database Ap containing all spatial objects o;,
(1<i<mn,1<j<l). As a result, the original problem is
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Fig. 3. Mapping ensemble E in Example 1 to spatial database Ag.

reduced to classifying each incoming stream record x by search-
ing over the spatial database Ap.

In the following, we use Example 1 to illustrate the map-
ping from the ensemble model F to the spatial database Ag.
This example will be used throughout the paper.

Example 1. Consider a Web monitoring stream S with two
classes (normal versus abnormal). Suppose that each
stream record has two attributes r1, 79, where r; € [0, 5],
and the most recent five base classifiers Cy,Cy,...,Cj
built along the stream are incorporated in the ensemble
model E, with decision rules for the base classifiers listed
in Table 2. For simplicity, each classifier contains one lit-
eral clause (in an if-then expression) corresponding to
the target abnormal class. The goal is to classify each
incoming record z using the ensemble E.

Now we demonstrate the conversion of the ensemble
model E to a spatial database Ap. As shown in Fig. 3, the
whole decision space is a two-dimensional rectangle
A =(0,0,5,5). For each base classifier, a small gray rectan-
gle is used to represent its decision rule for the target abnor-
mal class. Besides, due to concept drifting, the gray
rectangles associated with the five classifiers drift from the
bottom left corner to the upper right corner in the decision
space A. By doing so, the ensemble model can be repre-
sented by a batch of spatial objects (i.e., the gray rectangles)
generated from all base classifiers. These spatial objects con-
stitute the spatial database Ap. Given a small circle
x = (4,4) as an incoming record, we want to classify z as
accurate and as fast as possible by searching over Ag.

3 E-TREE INDEXING STRUCTURE

In this section, we introduce the E-tree data structure and its
three key operations, Search, Insertion, and Deletion for main-
taining E-trees.

3.1 Basic Structure of E-Trees

An E-tree, as shown in Fig. 4, is a height-balanced tree
mainly consisting of two components: an R-tree like struc-
ture T" on the right-hand side storing all decision rules of
the ensemble, and a table structure on the left-hand side stor-
ing all classifier-level information of the ensemble, such as
IDs and weights of classifiers. The two structures are con-
nected together by linking each classifier in the table to its
corresponding decision rules in the tree.

The tree structure consists of two different types of
nodes: leaf nodes and pivot nodes. Similar to R-trees, each
leaf node contains a batch of decision rules that are located
in a heavily overlapping area in the decision space. Each

decision rule can be represented as a special type of spatial
object of the following form:

(0, classi fier_id, sibling), (1)

where O denotes a rectangle bounding the decision rule,
classi fier_id denotes the classifier generating the decision
rule, and sibling denotes the memory address of the next
decision rule generated by the same classifier. Generally, a
decision rule covers a closed space © = (0,0,...,0,)
with each 0; representing a closed bounded interval along
dimension i. On the other hand, a pivot node in the tree
structure contains entries in the form of

(0, child_pointer), (2)

where 0 is the smallest rectangle covering all decision rules
in its child nodes, and child_pointer references its child
node. A non-root node contains between m and M entries.
The root node has at least two entries except a leaf node.
The table structure contains information about all base
classifiers in an ensemble with each entry denoted by

(classi fier_id, weight, pointer), (3)

where the first item represents the classifier ID in the ensem-
ble, the second item represents the classifier's weight, and
the last item denotes the memory address of its first compo-
nent decision rule in the tree structure.

It is worth noting that while R-trees index conventional
spatial objects such as image, map, and multimedia data, E-
trees index a new type of spatial data, decision rules, with
the following constraints:

e All decision rules are built in a continuous attribute
space. In case that a discrete attribute is observed, we
can convert it to a continuous attribute by severely
penalizing its difference. For example, if a binary
attribute r3 (True, False) appears in Example 1, and
the decision rule in C is “if (r1 < 1.5) A (ry < 1.5)
A(rs = True) then abnormal; otherwise normal”, the
decision rule in Cy is “if (0.5 <7 <2) A (0.5 <7y <
2) A (r3 = False) then abnormal; otherwise mnormal”,

Table Tree Root node
Ci| w Pivot node
G| we | Ps | P | Ps Ps | Pr [ A
Ca| Ws | Leaf node
Co| we |
[Ps [ Ps[Pio][Pu]Pi]Pis] [Pu]Pis[Pris]  [Pir]Pio] Pis] [Pao] Per [Pz ]

Fig. 4. An illustration of E-tree (some links are omitted).
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TABLE 2
The Five Base Classifiers in Example 1

ID |weight|pointer

ID Decision Rules

C if (r; < 1.5) A (r, < 1.5) then abnormal; otherwise normal

Cy, if (0.5<r; £2)A (0.5 <r, £2) then abnormal; otherwise normal
Cy; if (1 <r; <25 A (1 <ry <2.5) then abnormal; otherwise normal
Cy i (25<r £4)A(Q2.5<r £4) then abnormal; otherwise normal
Cs if 3.5<r; <£5)A(3.5<r; <5) then abnormal; otherwise normal

then the first decision rule on abnormal class will be
(0,0,0,1.5,1.5,0), while the second one will be (0.5,
0.5,1,2,2,1). However, any change of 73 will be
heavily penalized by assigning a much heavier
weight.

e [Each decision rule covers a closed space. In case a
decision rule covers only a partially-closed space, a
lower or upper bound of the decision space will be
added to make it closed. For example, in Example 1,
decision rule Rj; from classifier (' is a half-closed
rule (r; <1.5) A (rp <1.5), then the lower bound
r1 = 0,72 = 0 will be added to make it a closed space
(0<ry <1.5)A(0<ry <1.5). Moreover, if a deci-
sion rule covers only k (k < d) dimensions, it will be
expanded over the remaining (d — k) dimensions. For
example, for a decision rule defined in partially
closed space R = (0 < r; < 1.5), we will expand R to
aclosed spaceas R’ = (0 <7y < 1.5) A (0 <ry <5).

e All decision rules will make “hard” decisions. For
example, a Web page has 100 percent chance of
being malicious or not. Therefore, there are no
explicit items in Eqgs. (1) and (2) to define the poste-
rior class distributions.

e We only consider binary classification at this time.
The extension to multi-class problems are further
addressed in Section 3.6. We only index decision
rules from one class (the minor class containing
fewer decision rules). For multi-class, an intuitive
method is to combine multiple E-trees by using a
one-against-one/ one-against-all strategy.

Example 2. Fig. 5 shows the E-tree structure for the ensem-
ble model used in Example 1. For simplicity, some links
from leaf nodes to the table structure are omitted.

3.2 Search Operation

Each time a new record z arrives, a search operation is
invoked to predict a class label for x. The algorithm first tra-
verses the E-tree and finds decision rules in the leaf node(s)
covering record z. Then it calculates the class label for = by
combining decisions from all the retrieved rules,

Y = SN (Z:L:lwlp(cmde’f‘w)a y)a (4)

where y,, denotes the class label of z, u is the total number of
retrieved decision rules covering x, sgn(a,y) is a threshold
function that decides z’s class label by comparing a and y,
and Cjpge, is the indexing class in the tree. Recall that only
the minor class with fewer decision rules is indexed in E-
trees. For instance, in Example 1, Cj,4. represents the
abnormal class. P(Cjyge|z) is a “hard” posterior probability
of either 0 or 1.

Ci| 0.01 —
C;|0.05
Cs|0.16
C,|0.25
Cs | 0.55

(0,0,1.5,1.5)|(0.5,05,2,2) | (1,1,25,25) (25,25,4,4)| (3.5,35,5,5)
1, N Gzt [ Ca Cs, »

Fig. 5. E-tree for the ensemble model in Example 1.

Algorithm 1 lists detailed procedures of the search opera-
tion. The algorithm performs a depth-first search over the
tree. To derive a class label for z, it first traverses along
the branches whose rectangles cover z, and then calculates
the class label for = using Eq. (4). We use Example 3 derived
from Example 1 to explain the search process.

Algorithm 1: Search
Input : E-tree T, stream record x, parameter y
Output: x’s class label y,

Initialize(stack) ; // initialize a stack U« 0; // U
records all rules covering x P « T.tree.root ;
// get the root of the tree

foreach entry Re T do
| push(stack, R) ;

while stack # 0 do

e « pop(stack) ;

if e is an entry of a leaf then
| U<Uue;

else
P « e.child ;
foreach entry e € P do
if x € e then
L | push (stack, e) ;

foreach entry e € U do
| find its weights in the table structure ;

v, « Call Eq. (4) to calculate x’s class label ;
Output y, ;

Example 3. Suppose x = (4,4) is an incoming record as
shown in Example 1, and the parameter y in Eq. (4) is 0.5.
The search algorithm first compares = with entries P
and P in the root node, and then descends along entry
P that covers z. After that, it finds that both entries (P
and P») in P’s child cover z. Next, it obtains the weights
for entries Ps and P; in the table structure through their
classi fier_id entries. Based on these results, the probabil-
ity of x belonging to the abnormal class is

wy P(abnormal|x) + ws P(abnormal|x) = 0.75 > 0.5.

Therefore, x is predicted as abnormal. At the worst case,
a maximum of four comparisons are needed (P, %, F;,
and P;) in this example. Compared to a linear scan that
needs five comparisons, E-tree achieves a 20 percent
improvement.

3.3 Insertion Operation

Insertions are used to integrate new base classifiers into the
ensemble model, so that the ensemble model can adapt to
new trends and patterns in data streams. Algorithm 2 lists
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detailed procedures of the insertion operation. When a new
classifier C arrives, a new entry associated with C is added
into the table structure. Meanwhile, its decision rules R are
inserted into the tree structure one by one, and linked
together by their pointer entries.

Algorithm 2: Insertion

Input : E-tree T, classifier C, parameters m, M
Qutput: Updated E-tree 7’

P « T.tree.root ; // get the root of the tree
foreach decision rule R € C do
L « searchLeaf(R,P) ;
if L.size < m then

L L~ LUR;

// L contains R ;

T’ « updateParentNode(L) ;
else

< Pp, Pgr >« splitNode(L,R) ;

T" < adjustTree(T, Py, Pg) ;

Insert C into the table structure ;
Output 7" ;

Inserting R into the tree structure is similar to the inser-
tion operation in R-trees. First, a searchLeaf(R, T) function is
used to find a leaf node to insert each decision rule R. This
function searches from the root node, and traverses the
branches covering R. Once a leaf node (e.g., P.) is found,
the algorithm will investigate whether node P, has spare
room for inserting R. If it contains less than M entries, R
will be successfully inserted, and a function updateParent-
Node(P_L) will be invoked to revise the corresponding entry
in the parent node to cover the minimum bounding rectan-
gle (MBR) of the new node. On the other hand, if node Py, is
full, a splitNode(P_L) function will be invoked to split the
current leaf node.

The most critical step in the insertion operation is node
splitting. Similar to R-trees, in principle the total area of the
two covering rectangles after a split should be minimized. Com-
pared to existing methods, node splitting in E-trees faces a
new challenge which is that a decision rule may contain dis-
crete attributes that cannot be changed during area enlarge-
ment. To solve this problem, a much heavier weight is
assigned to each discrete attribute during node splitting to
avoid enlargement or shrinkage. Formally, when a new
entry R is added into node P incurring a split, the following
objective function should be optimized:

<P, Pp> = argmin (X.0+Y.0), (5)

< XY >|X,YERUP

where X and Y are variables, and P; and Py are the new
nodes containing R and all entries in P. We want to separate
the entries in R U P into two classes with the total area of the
two covering rectangles being minimized. Obviously, this is
far from triviality. The above optimization problem can be
formally written as in

S* =arg msjn {f(S) := Area(S) + Aera(S)}, (6)

where S is a nontrivial subsetand S ¢ RUP (i.e., S # () and
RUP), Area(S) is the area of the minimal rectangle that
covers S, and S is the complementary set of S. The optimum
solutions should satisfy P, = S* and Pr = S,

Insert

Insert
Cy,Cz, Cs

Cs
4>‘ 00,1,1) ‘ (0.5,0.5,15,1.5) ‘ (11,25,2.5) ‘ —_— ‘(0,0,1,1) ‘(0 5,05,1.5,15) ‘ (1,1‘2.5‘2.5)‘ (25,2.5,4,4)
Insert
Split (0.0,25,25) | (25,25, 4,4) Cs (0,0,25,25) [ (25,25,5,5)
7 . —

@‘1) ‘ (0.5,0.5,1.5,1.5) ‘ (1,1,2.5,2.5) ‘ (2.5,25,4,4) ' (0,0,1,1) ‘ (0.5,0.5,1.5,1.5) ‘ (11,25,25) | | (25,25,4,4) ‘ (3.5,35,5,5)

Fig. 6. Inserting the five classifiers in Example 1 to E-tree.

Lemma 1. The set function f(S) in Eq. (6) is symmetric
submodular.

Proof. See Appendix A.1, which can be found on the
Computer Society Digital Library at http://doi.
ieeecomputersociety.org/10.1109/TKDE.2014.2298018. O

The symmetric submodular property guarantees that
the convexity of the discrete set function in Eq. (6) [21],
and minimizing a convex function can be achieved in
O(M?) time. Notice that if M is very large, the problem
would be very expensive to solve. As a solution, we
make use of a greedy heuristic that first randomly select
two entries in RU P with the largest distance, and then
cluster all the remaining m — 1 entries in RU P into the
two classes.

In the following we use Example 4 to explain the inser-
tion and node splitting of the five classifiers in Example 1.
This process is also illustrated in Fig. 6. Due to page limita-
tions, we omit the table structure of the E-tree.

Example 4. We insert five classifiers in Example 1 one by
one. Suppose parameters M =3 and m = |4!| = 1. The
first three classifiers can be inserted by simply adding
them to the root node. Upon inserting C4, the number
of entries in the root node is four, which exceeds M.
Thus, the greedy splitting algorithm with initial points
(0,0,1,1) and (2.5,2.5,4,4) will be invoked to partition
the root node into two leaf nodes. Besides, a new root
node with two entries is generated to index the two
leaf nodes. In the end, Cj5 is inserted into the right
leaf node directly as the node size is smaller than M.

3.4 Deletion Operation

The deletion operation discards outdated classifiers when
the E-tree reaches its capacity. For example, if the largest
classifier size is set to four in Example 1, C} will be dis-
carded from the E-tree when C arrives.

Possibly two different deletion methods can be adopted.
The first one resembles deletions in B-trees. It merges the
under-full nodes to one of the siblings resulting in the least
area increase. The second one resembles deletions in R-trees
and performs delete-then-insert. It first deletes the under-full
node, then inserts the remaining entries into the tree using
the insertion operation.

The second method is advantageous in that: (1) It is
easy to implement; and (2) Re-insertion will incremen-
tally refine the spatial structure of the tree. In addition,
it has been shown [16] that the B-tree method may
cause excessive node splits. Therefore, we use the sec-
ond method for our deletion operation. Specifically, if a
classifier C' needs to be deleted from the E-tree, we first
find its classifier ID in the table structure using function
searchClassifier(C, A), and then delete its component
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Fig. 7. Architecture of ensemble learning with E-trees.

decision rules by traversing the pointer entries. After
each deletion, if a leaf node has less than m entries,
the node will be deleted and re-inserted into the E-tree.
The update will propagate to the upper level unless the
[m, M] condition is met. Algorithm 3 gives the details of
the deletion operation.

Algorithm 3: Deletion
Input : E-tree T, classifier C, parameters m, M
Output: Updated E-tree T’

// get the root of the tree
// get the reference
// classifier C

P « T.tree.root ;
A « T.table.ref ;
R « searchClassifier(C,A) ;
P < R.pointer ;
while P # () do
L <« Pnode() ; // leaf node L contains rule P
q < P.sibling ;
L' « deleteEntry(L, P) ;
if L' .size < m then

T’ « deleteNode(T, L") ;

foreach entry e € L’ do

| T « insertRule(e,T) ;

// deletion ;

| P<gq;
Output 77 ;

3.5 Ensemble Learning with E-Trees

Fig. 7 shows the architecture of ensemble learning with
E-trees on data streams. The training module maintains an
E-tree that is constantly updated by calling the insertion and
deletion operations. The prediction module contains a syn-
chronized copy of the E-tree to make online predictions by
calling the search operation.

For each incoming stream record, on one hand, the pre-
diction module will call the search operation to predict its
class label. On the other hand, the record will be stored in a
buffer of the training module, where it will be labeled by
experts (either human experts or intelligent labeling
machines). Note that the labeling process is time-consum-
ing, and only a small portion of incoming records can be
labeled. In order to provide uniform labeling, a practical
approach is to set a sampling frequency parameter that
matches the labeling speed. Once the buffer is full, all
labeled records will be used to build a new classifier, which
is inserted into the E-tree by calling the insertion operation.
In case the E-tree is full, an outdated classifier will
be deleted by calling the deletion operation. The updated
E-tree will be synchronized to the E-tree copy in the
prediction module.

3.6 E-Forests

E-trees aim to solve binary classification problems. In this
subsection, we propose E-forests which combine multiple
E-trees for multi-class classification.

E-forests are inspired by the one-against-all structure
used in multi-class support vector machines (SVMs). In an
E-forest, each component E-tree is associated with one sin-
gle class, and a prediction operation sequentially goes
through all component trees in the forest. The best-case sce-
nario would be that the first component tree returns a posi-
tive answer and acquires the class label. As a result, the
prediction takes the same amount of time as a single tree. In
the worst case, the prediction has to go through the whole
forest, which demands extra time that may not meet the
needs of online classification.

To avoid worst-case scenarios, a practical solution is to
adaptively order the component trees in the forest to comply
with data distributions in streams. Ordering of trees on
streams can be induced to the problem of pipelined filter order-
ing on streams [22], where various greedy and randomized
algorithms can be used for fast computation.

>Algorithm 4 lists the E-forest label search algorithm.
First, we combine all component E-trees in the forest. Then,
for each incoming record z, the algorithm goes through the
forest, until the search result prob(z) meets the given thresh-
old y. The algorithm terminates with the ultimate class label
for record .

Algorithm 4: E-forests

Input : E-trees T, ---T,, stream record x, parameter y
Output: x’s class label y,

E-forest « Initialize(T1, ...
vy < NULL ;
while E-forest # 0 do
Tree; < obtainTree(E-forest) ;
prob(x) <« Search(T'ree;, x ) ;
if prob(x) >y then
L y, < C;, break; ;

else
| E-forest « E-forest \ Tree; ;

1) s

Output y, ;

3.7 Why Ensemble Classifiers Work

We now theoretically prove that ensemble classifiers have a
lower expected error rate than a single classifier on data
streams with dynamically changing/evolving data distribu-
tions (i.e., concept drifting).

Assume that we have built a batch of classifiers Cj,
{k=1,...,n} from historical stream data, and we are
observing an incoming test example (x,y). Let Errorensempie
be the expected error of ensemble classifier, and Error,qndom
be the expected error of a random single classifier, then we
have Theorem 1 as follows:

Theorem 1. The expected error rate of ensemble classifier is
smaller than that of a random single classifier, i.e.,
Errorensemble S Errorrandom-

Proof. See Appendix A.2, available in the online supple-
mental material. 0
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Theorem 1 follows the fact that ensemble classifiers
always exhibit smaller variance error than a random single
classifier, especially in unstable learning environments.

4 THEORETICAL ANALYSIS

In this section, we present theoretical studies on the proper-
ties and performance of E-trees.

4.1 Online Label Search
When classifying a stream record x using an E-tree, the
ideal scenario is that all target decision rules covering x
are located in one single leaf node. This way, the search
algorithm only needs to traverse one path down the tree to
make the final prediction for x. In the worst scenario, if the
target decision rules span all leaf nodes, the search algo-
rithm will have to traverse all possible paths in order to
classify . In light of this observation, the key to analyzing
E-tree’s performance is to estimate the probability that «’s
target decision rules are located in one single leaf node.
Assume decision rules are mutually independent (depen-
dency between rules will only improve E-tree’s performance
as will be discussed shortly), the probability that two rules
are located in the same leaf node is proportional to the over-
lapping region between two hyper-rectangles representing
the two rules. Thus, the problem becomes that given a set of
decision rules, how to estimate the size of their overlapping region?
To answer this question, consider two decision rules R,
and R; in the label search space S =S; x --- x S;, where
S; €10,s], 1 <i<d. Since not all rules cover all the
d-dimensions, rules R, and R, may overlap in some dimen-
sions. Without loss of generality, assume rule R, is defined
in r, dimensions S; x Sy x --- x S, , with the i’ (1 <14 <r,)
dimension .S; spanning in a; region (out of the whole domain
[0,s]), and rule R, is defined in 7, dimensions Sy x Sy X
--- xSy, with the 4" (1 < j < ry) dimension S;j spanning in
b; region. Due to temporal correlations of data streams, it is
often the case that R, and R;, overlap on r (r < 7,7 < 1)
dimensions. Then, we have Theorem 2:

Theorem 2. Given two decision rules R, and Ry, the probability
that they are located in the same leaf node is

Ta

r
a; - bi a; b bk

@(R,, Ry) ox gm]ﬂls_/kgﬁ_k (7)

Proof. See Appendix A.3, available in the online supple-
mental material. 0

From Eq. (7), we can infer that the higher the data
dimensionality, the less possibility the two decision rules
will be located in the same node. Specifically, we have
Lemma 2 as follows:

Lemma 2. Given decision rules R,, Ry, and R, R;, let the data
dimensionality v/, >r, and v, >m, then ¢(R,, R}) <

@(Ra, Ry).

Proof. See Appendix A.4, available in the online supple-
mental material. 0

Lemma 3. Consider n decision rules, assume the number of data

dimension increases by A(r), then the increased query time AT

is bounded by AT € [p(t)*"), p(t)"*")], where p(t) is the aver-
age query time in one dimension. Moreover, let £ be the over-

lapping rate between A(r) attributes, then the increased query

cost is p(t)"1OAITEAD),

Proof. See Appendix A.5, available in the online supple-
mental material. O

Lemma 3 describes the relationship between query cost
and data dimensionality. The query cost increase depends
on the attribute overlapping rate. In the worst case, the
data are sparsely distributed in a disjoint high-dimen-
sional space, then the query cost increases exponentially
with the increase of data dimensionality. In the best case,
the data are densely distributed in a low-dimensional sub-
space, then the query cost increases linearly with respect
to the increase of the dimensionality.

Based on the above analysis, we study important issues
on the number of comparisons required for classifying x
under two extreme conditions: (1) All target decision rules
are located in the same leaf node; and (2) Target decision
rules are uniformly distributed across all leaf nodes.

Formally, consider an ensemble model E containing n
classifiers, with each classifier having [ decision rules
defined for the target indexing class. Then we have the
following lemmas:

Lemma 4. The E-tree structure for ensemble model E has [%!] leaf
nodes, 77— ([44 — 17) pivot nodes, and loga; ['5] + 1 levels.

Proof. See Appendix A.6, available in the online supple-
mental material. 0

We now analyze the prediction time under two extreme
distributions for target decision rules.

Lemma 5. In case that all target rules are located in the same
node, the worst case prediction time is O(Mlogy (”‘—Il ) for each
record.

Proof. See Appendix A.7, available in the online supple-
mental material. 0

Lemma 6. In case that target rules are uniformly distributed
across m leaf nodes, the worst case prediction time is
O(m - Mlogy; [%F]) for each record.

Proof. See Appendix A.8, available in the online supple-
mental material. O

Based on Lemma 6, the prediction time can be large if m is
large because there are m paths to traverse. However, in
most real-world applications m is small, because stream data
exhibit temporal correlations. Decision rules trained from
temporally correlated data often share the same dimensions.
Thus the r values in Theorem 2 are large. In other words,
m—smg, where my < ["T}] Consequently, the worst case
scenario can be avoided and a logarithm prediction time can
be achieved in most real-world applications.

4.2 E-Tree Traversal Analysis

Tree traversal plays a key role in the insertion and deletion
operations. In this part, we analyze the traversal cost for
E-trees. Considering an E-tree storing N decision rules
{Ry,..., Ry} summarized from a data stream, when a new
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Fig. 8. Regular data model for 2D decision rules (N = 16).
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decision rule R, arrives, we aim to calculate the query cost (the
number of node accesses) of inserting R, into the tree.
Intuitively, let h be the height of the tree, L;; the aver-
age minimum bounding rectangle extent of level-i
(1 <i<h) nodes along dimension j (1 <j<d), and N;
the number of level-i nodes. Then, the expected query
cost of inserting rectangle R, is the summation of all
intersections of R, along the top-down search path, as

shown in
L

where R,.r; refers to the MBR extent length along the ;"
(1 < j < d) dimension for rectangle R, (NA stands for node
accesses). The above equation, albeit straightforward, has
limited practical applicability for E-tree analysis. This is
because the extents of all nodes in trees, L;;, are usually not
available in advance and, even if they are known (e.g., for
static data), their summation may lead to expensive estima-
tion overhead.

To estimate L;;, we first borrow the concept of regular
uniform data model, proposed by Theodoridis and Sellis [23]
in R-tree analysis, as shown in Fig. 8, where

1) All rectangles share the same extent length Lp along
each dimension.

2) They align into N/ (N is the data set cardinality)
lows/columns with a gap gp between two consecutive
rows/columns.

For example, given a collection of rectangles with density
D, as shown in Fig. 8, all rectangles share the same extent
length Lp and gap space gp,

D\ 1 DYd
Lp= (N) s 9p =

d
H (Lij + Ry.1;)

J=1

NA(R,) =

e

i=1

Nd —1°

Under the regular uniform data, we have Lemma 7 below.

Lemma 7. In E-trees, based on the regular uniform data
model, the node extent at level (i + 1) is

Lisy = fLi = gp(1 = f711), 9)
where f is the average node fanout, i.e., the number of entries
inanode (f =4in Fig. §).

Proof. See Appendix A.9, available in the online supple-
mental material. 0

Ls ] lLe

*——o
— - ———— — — —e
0 k AJA A

Fig. 9. The length distribution of interval I in range [0, A].

The regular uniform data model provides a basic tool for
E-tree analysis. However, the model is based on the strict
assumption that decision rules at the same level share similar
size, which is impractical for data streams with drifting/
evolving concepts. In the following, we relax the assump-
tion for arbitrary extent analysis.

We first analyze the extent distribution function for dynam-
ically changing decision rules, and then predict the number
of node accesses by using a new evaluation function extent
random walk.

4.2.1 Extent Distribution Function

In this part, we derive the extent distribution function of a
decision rule R, under concept drifting rate c. For simplic-
ity, we only consider the discrete distribution function on
one dimension r; (1 < j < d). Let 1.l € [0, A] be the length of
decision rule R, on dimension r;. The range [0, A], as shown
in Fig. 9, is divided into A equal partitions, each partition
having length A/A.
Due to concept drifting, the length of interval I is

ILl=|lLe— Ls|, (10)

may randomly change length by step size A/A, where I.s
and /.e are the starting and ending points of the interval I.
The concept drifting, as shown in Fig. 10, can be
described as a 1D random walk, under the state transition
probability T, which can be summarized in Lemma 8.

Lemma 8. For an interval I, let the matrix T in Eq. (11) be the
state transition probability matrix of 1.s(e), then I has proba-
bility c changing its length within a random step (i.e., the con-
cept drifting rate is ¢)

l—c 1—-+v1-c¢ 0 0
1= 2170 1—¢ 1— 21% 0
T 0 1— 2170 Vi—e 17?3
0 1- 217(’ Vi—e I—F
0 0 1-Vli—-¢ V1-c¢
(11)
Proof. See Appendix A.10, available in the online supple-
mental material. m]

Fig. 10. The state transition probability of a Markov chain corresponding
to concept drifting rate ¢, where an interval I has probability ¢ lengthen/
shorten its length, and probability (1 — ¢) remains unchanged.
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Fig. 11. Node split after inserting rule R;(M = 5).

Lemma 9. The distribution density P(1.l = k\/A) can be calcu-
lated as in

oAZ =0;

P(LI=kAA) = 250 k=12, A1 (12)
1 _
2/\27 -

Proof. See Appendix A.11, available in the online supple-
mental material. O

4.3 Extent Random Walk Function

In this part, we estimate the expected node extents L;; for
each level i along each dimension j. The problem can be
described as, given a set of decision rules satisfying the distribu-
tion in Eq. (12), how to estimate L;;, without actually performing
the exact extent calculation?

The problem can be simplified as in Fig. 11. Assume that
a data set contains five decision rules denoted by the solid
rectangles. When a new rule R3 (dashed rectangle) arrives,
a split operation will be invoked leading to two new leaf
nodes. The purpose is to estimate the average extents of the
two generated nodes. Obviously, the extents of the two
nodes along dimension r; are decided by boundaries x and
n, i.e., the length of the first node is [0, 7], and the second
one is [u, A]. In the following, we aim to compute the expected
values of points ju and 1.

Formally, assume that the range [0, \] is divided into A
equal partitions with A + 1 stamps. Again, let I; = [I;.s, I;.€]
(1<i< M+1)be M+ 1 independent 1D intervals, where
M is the node capacity and I;.s(I;.e) is the coordinate of the
starting(ending) point of interval I;. For each interval
I (1 <i<M+1), weassume

1) Its starting point /;.s and ending point /;.e fall on
above stamps.

2) Its length [;.l = )\;.e — \;.s satisfies the length distri-
bution function in Eq. (11), denoted by 7}, := P(I.l =
EX/A).

3) Its starting point [;.s distributes uniformly in the
range{O%,l %,...,)\—Ii.l}.

We refer to the above three conditions as the generative
rule of the 1D interval for decision rules. Because intervals
I;(1 <1 < M +1) are independently and identically distrib-
uted (i.i.d.), we use I to represent I;. For the purpose of
length comparison, we give the following definition:

Definition 1. For two intervals I and J, we define

o [ < Jiifls < Js,or,Is=Jsand e < J.e;

o I[=J:ifls=Jsand Je=Je;
1> J:ifls > Js,or,I.s=Jsand L.e > Je.

Based on the above definition, for any two intervals, we
first compare their starting points and ending points. We
sort these intervals to get a new ordered sequence
Iy, Ly, - - Iinasry, where Iy < I(;1q). In the new sequence,
I(7>é < I(Z-H).s or, [(7)3 = I(Z-+1).S and 1(7)6 < I(i+1).6. For
convenience, we use Iy, l,..., Iy to denote the ordered
statistics.

Assume that these intervals are split into two nodes,
such that the first node contains I, I», ..., I,, and the sec-
ond one contains [,.1,...,1y 1, where uwe{l,2,...,
M +1}. Let M, be the largest ending point of the first u
intervals

(13)
The purpose is to estimate the expected wvalues of both

E(X — L+1.5) and E(M,).The former corresponds to the variable
wu, and the latter n.

Theorem 3 (Expected value of E(A — 1,,1.5)).
N AL A
EO = Tuas) =A=5> > w- B, (14)
n=0 n=pn

where E 7f7+1) denotes the probabzllty that the (u + 1)-th order
statistic is equal to [ - 3,1 - 4]

Proof. See Appendix A.12, available in the online supple-
mental material. 0

Theorem 4 (Expected value of E(M,)).

A-1

¢
22> Eice

=0 pn=0 n=pn

E(M,) =\ — (15)

>

where E" __ to denote the probability that the (u)-th order
(<)
statistic is equal to [p1 - Uk A] and M, < {A.

Proof. See Appendix A.13, available in the online supple-
mental material. 0

4.4 Expected Query Cost

Based on the expected lengths of E(A — I,4;.s) and E(}M,),
we derive in this part the expected query response time
for an arbitrary query R, with extent length R,.r; = m.
Specifically, we first derive the expected extent length L;;
based on E(A — I,41.s) and E(M,) in Lemma 10, and then
estimate in Theorem 5 the average access time for the

query R, under the access cost model given in Eq. (8).

Lemma 10 (Expected value of extent length L;;).

A-1 & &
w) u+1
AP I FED 9 el
=0 pn=0n=p u=0 n=p
(16)
Proof. See Appendix A.14, available in the online supple-
mental material. m]

By plugging the above result into Eq. (8), we have the fol-
lowing conclusion:
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Theorem 5 (Expected query cost). Given a random query R,
with expected extent length m, we have

Proof. See Appendix A.15, available in the online supple-
mental material. 0

Intuitively, the above theorem reveals that the query cost
depends on the tree height h, the number of nodes at each
level N; (which ultimately depends on the node capacity
M), the query length 7, and the distribution of rectangles in
the decision space (the [...] part). When the rectangles are
uniformly distributed and the query length 7 is much
smaller than the window size ), the overlapping of the
query window and the observed rectangles will be small,
leading to low query cost. For example, as shown in our
experiments Figs. 19, 20, and 21, available in the online sup-
plemental material, when the query length r = 0.01 and the
window size A = 0.01, the query cost reaches its minimum
value of ~0.03 s. Generally, if the query length = <
A — E(L;;), then the expected query cost is no more than
O(hM)?), where M is the node capacity.

The 1D random interval and its properties in R*-trees
have been studied by Tao and Papadias [24]. Compared to
their work, we make three contributions:

(1) We give a rigorous definition, in Definition 1, for 1D
random interval ranking and related statistics.

(2) We derive E(A — I,,11.5), in Theorem 3, when the extent
distribution function F'(§) is a discrete distribution, in con-
trast to the continuous distribution in their work.

(3) We calculate E(M,) through the probability El(:;)( <)
instead of P(M; = AL/A, M, <&L/A), leading to a better
estimation statistic, given in Theorem 4.

5 EXPERIMENTS

In this section, we present extensive experiments on both
synthetic and real-world data streams to validate the perfor-
mance of E-trees with respect to prediction time, memory
usage, and prediction accuracy. All experiments are con-
ducted on a Linux machine with 3 GHz CPU and 2 GB
memory. The E-tree source code can be downloaded from
http:/ /streammining.org.

5.1 Methodology

Benchmark data streams. Three real-world streams [25] and
one synthetic steam from the UCI repository were used [25].
Table 3 lists these streams after using the F-Score feature
selection [26]. The synthetic stream is similar to Example 1.
It was generated as follows. First, we randomly generated a
collection of stream data {..., (z;,¥i),...}, where z; € R? is
a d-dimensional vector with the j"element z;; € [0, 1], and
y; € {normal,abnormal} is the class label. Thus the decision
space is a d-dimensional hyper-cube. The class of each
stream record is defined by the rule that if a« < z;; < b, where
ac0,1]%be[0,1% a; < b for each ic[l,d, then

TABLE 3
Real-World Data Streams
Attributes
Name Instances (Feature selection) Areas
intrusion detection 4000000 11 Security
spam detection 460001 15 Security
malicious url detection 488420 14 Security

“abnormal”; otherwise, “normal”. That is to say, we defined
a small sub-cube in the decision space as the abnormal class.
To simulate concept drifting, after generating a data chunk
of D records, we randomly selected its gt (1<j<d)
dimension aj,b; to change to a;+ uw,b;+ ux, where
u = {—1,1} controls the direction of the change and v = —1
with probability v. If the upper or lower bound of the deci-
sion space is reached, v will change its value. We initially
setv=>50%,a=0.1and b — a = 0.5.

Benchmark methods. We implemented four ensemble
methods for the purpose of online label search comparisons.
1) Global E-tree (GE-tree), which has no upper bound on the
number of base classifiers in an ensemble. For each new
base classifier, GE-tree simply integrates it into the ensem-
ble and deletions are never invoked. 2) Local E-tree
(LE-tree). Different from GE-tree, LE-tree sets an upper
bound on the ensemble size. Once the upper bound is
reached, the oldest classifier will be removed from the
ensemble. Obviously, E-trees are in the LE-tree category.
3) Global Ensemble (G-Ensemble). A traditional linear scan is
used during prediction. Classifiers will be added into the
ensemble model continuously without deletions. 4) Local
Ensemble (L-Ensemble). Similar to LE-tree, an upper bound
on the ensemble size is set. In all the four methods, C4.5 is
used to generate decision rules from data streams. All deci-
sion rules make “hard” decisions.

For E-tree traversal analysis, we compared our method
with four analytical approaches for R-trees. 1) The TS model
proposed by Theodoridis et al. [27], which is used to ana-
lyze nonuniform distributed rectangular objects. 2) The frac-
tal method proposed by Proietti and Faloutsos [28], which is
used to evaluate rectangular objects obeying power laws.
3) The selectivity method [29] and 4) the ERF model [24],
which computes node extents as a function of node splits.

Measures. Three measures are used for online query eval-
uation. 1) Time cost. By using a height-balanced tree to
index all classifiers in the ensemble, E-trees are expected to
achieve a much lower computational cost than traditional
ensemble models. 2) Memory cost. E-trees are expected to
consume a larger but affordable size of memory space.
3) Accuracy. E-trees are expected to achieve the same pre-
diction accuracy as original ensemble models.

For E-tree traversal analysis, we measure the average rel-
ative error in answering a workload of 200 decision rules
with the same parameter, denoted by (1/200) - ng?
est; — act;|/act;, where est; and act; are the estimated and
actual costs of the i'" query (1 < i < 200).

5.2 Experimental Results

We compare four methods under different parameter set-
tings with respect to number of classifiers n, parameter M,
and the target indexing class. By default, the chunk size is
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Fig. 12. Comparisons w.r.t. parameter M.

set to 10,000, parameter y is set to 0.5, the ensemble size is
set to 30 for the local methods and 100 for the global meth-
ods. In addition, all base classifiers are weighted by an aver-
aging weighting scheme.

Parameter M. This parameter controls the node size and is
the most important parameter for E-trees. If a node contains
more than M entries, node splitting will be invoked. Ideally,
M should be set such that splits do not happen when the
entries in a node heavily overlap each other. Fig. 12 shows
E-tree’s performance with respect to different M values on
both synthetic and real-world data streams. From the results
we have the following observations. When M increases at
the very early stage (e.g., from 10 to 30), both the prediction
time and memory cost decrease significantly. After that, the
benefit becomes marginal and then turns negative if M con-
tinuously increases. For example, in the spam data set,
when M increases from 10 to 40, the prediction time drops
sharply from 6,990 to 3,780 ms, meanwhile the memory cost
also drops quickly from 3,218 to 2,520 KB. On the other
hand, when M increases from 60 to 100, both the prediction
and memory costs increase.

Indeed, increasing M values at an early stage reduces the
numbers of pivot nodes and leaf nodes. As a result, entries
that overlap heavily can be stored in the same node, leading
to reduced search and storage costs. However, when A
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TABLE 4
Indexing Different Classes
LE-tree GE-tree

Data stream Class Rules Time Mem. | Time Mem.

(ms) (KB) | (ms) (KB)

Syn-10 Abnormal | 1234 1659 70.25 | 4712 3082

Normal 2238 3149 81.69 | 5921 4085

Intrusion Abnormal | 2308 1250 20.8 4850 340.50
detection Normal 20 62 1.50 169 114.90

Spam Spam 1172 4362 46.38 | 6532 3458
detection Non-spam | 1089 3484 46.29 | 5933 | 2547.07
Malicious Malicious 168 1099 35.04 | 1206 147.26
URL detection Benign 177 2815 37.52 | 3166 149.48

continues to increase, entries that slightly overlap with each
other will be mistakenly stored in the same node, leading to
extra comparisons on each node and increased search time.
Therefore, a satisfactory M value should neither be too large
nor too small. In the following experiments M was set to 30.

Ensemble size n. To evaluate how E-trees improve predict-
ing efficiency, we compared the LE-tree and GE-tree meth-
ods by varying ensemble size n. From the results in Fig. 13,
we can come to two important conclusions: (1) E-trees can
significantly reduce the prediction cost. For example, in the
malicious URL detection data stream, when n = 100, E-tree
took 39,166 ms to classify a record, about four times faster
than the original ensemble model, which took 172,937 ms.
(2) As far as the memory cost is concerned, E-trees consume
a larger but affordable memory space comparing to the orig-
inal ensemble models. More results are reported in Appen-
dix B, available in the online supplemental material.

Target indexing class. As discussed in Section 3.1, for a
binary classification problem, E-trees only index decision
rules from the target class. This leads to a question on which
class should be selected as the target class? To answer this
question, we conducted a series of experiments presented
in Table 4. From the results we can observe that, indexing
the minor class will enhance E-tree’s performance. For
example, in the intrusion detection data stream, there are 20
decision rules for “normal” and 2,308 for “abnormal”. Obvi-
ously, indexing “normal” will significantly reduce the pre-
diction time. Thus, for binary classification the minor class
should be chosen as the target class.

Ensemble versus single tree. We compare ensemble and sin-
gle tree on synthetic data sets where data chunk size varies
from 100 to 2,000, and ensemble size equals to 30. Fig. 14
shows test results w.r.t. time cost (the left Y-axis) and pre-
diction error rate (the right Y-axis). From the results, we can
observe that compared to a single tree it always takes more
time for ensemble trees to make predictions. On the other
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Fig. 13. E-trees versus original ensembles w.r.t. prediction time (a, b) and memory consumption (c, d). Obviously, E-trees significantly reduce the
prediction time with affordable memory. More results are reported in Appendix B, available in the online supplemental material.
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hand, ensemble trees enjoys lower prediction error rates
than a single tree. Therefore, we can come to the conclusion
that ensemble classifiers are a compromise solution between
prediction error rate and test time costs, i.e., ensemble classi-
fiers obtain lower error rate at a cost of heavier time cost. The con-
clusion motivates the proposed E-tree indexing structure,
where the time cost can be reduced to logarithmic magni-
tude without increasing error rate.

Online label query. In Table 5, we compare the four bench-
mark methods on 10 data sets. From the results, we can
observe that: (1) LE-tree performs better than GE-tree with
respect to both prediction time and memory cost. For exam-
ple, in the Syn-10 data stream, LE-tree is nearly three times
faster than GE-tree, meanwhile takes less memory space.
(2) LE-tree performs better than L-Ensemble with respect to
prediction time. Besides, LE-tree achieves the same predic-
tion accuracy as L-Ensemble. For example, in the URL data
stream, LE-tree only takes 3 percent prediction time of
L-Ensemble, but achieves the same prediction error rate
5.60 percent. On the other hand, although LE-tree consumes
more memory than L-Ensemble, it is still an efficient
method, continuously deleting outdated classifiers to
release memory space. This guarantees that LE-tree will not
be too large to be stored in main memory. (3) LE-tree per-
forms better than G-Ensemble w.r.t. prediction time and
memory cost. It is obvious that E-tree, which indexes the
most recent classifiers, outperforms G-Ensemble, which lin-
early scans all historical classifiers during prediction.

6 RELATED WORK

Stream classification. Existing data stream classification mod-
els can be roughly categorized into two groups: online/
incremental models [30], [31] and ensemble learning [5], [6],
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[7], [8], [9], [10], [11], [32]. The former aims to build a single
sophisticated model that can be continuously updated.
Examples include the Very Fast Decision Tree (VFDT)
model and the incremental SVM model. Ensemble learning
employs a divide-and-conquer strategy. It first splits contin-
uous data streams into small data chunks, and then builds
light-weight base classifiers for these chunks. Ensemble
models scale well to large volumes of stream data, adapt
quickly to new concepts, achieve a lower variance error,
and are easy to be parallelized [10]. Due to these advan-
tages, ensemble learning has become a common tool for
data stream classification.

Stream indexing. A stream classification model can be
considered as a special query model that queries for class
labels of incoming stream records. However, it differs
from traditional query models, such as aggregate query
[33] that aims to obtain statistical results from data
streams, and Boolean expression query [34], [35] where
queries appear as DNF or CNF expressions [34]. Classifi-
cation queries involve more complex if-then rules that
may contain both continuous and discrete attributes.
They also have to face decision conflicts due to concept
drifting. These differences lead to different indexing tech-
niques. Other stream indexing methods exist that index
multimedia data [36] or micro-clusters [37] on data
streams. However, none of them considers the problem of
indexing classifiers for anytime data stream classification.

K-d trees and M-trees. K-d trees, M-trees and R-trees are
popularly used space-partitioning structures for query high
dimensional data. The major difference is that K-d trees and
M-trees are designed for organizing points, while R-tree is
designed for organizing rectangles. Because decision trees
generally cover rectangular areas, the proposed E-trees
extend R-trees structure. On the other hand, the K-d trees
and M-trees can be used in the instance-based learning
models and SVM models. For example, our recent work [38]
proposes a new L-tree structure that extends M-trees to
index instance-based learning on data streams.

Spatial indexing. E-trees are originated from R-trees,
which have been extensively studied in the past several dec-
ades, and many variants have been proposed to enhance its
performance, such as the R*-trees [17], R*-trees [18], Hilbert
R-trees [39], and SS-trees [40]. Techniques in these works can
be employed to enhance E-trees’ performance.

R-tree analysis. The earliest R-tree analytical models, such
as the regular model [23] and the 1D R/R+-trees model [41],

TABLE 5
Comparisons with Benchmark Methods
LE-tree L-Ensemble GE-tree G-Ensemble

Data stream || Time | Memory | Error Time Memory | Error Time | Memory | Error Time Memory | Error

(ms) (KB) (%) (ms) (KB) (%) (ms) (KB) (%) (ms) (KB) (%)

Syn-5 1712 12.29 4.37 32360 1.67 4.37 3001 2320.97 4.01 345140 121.42 4.01

Syn-10 1659 70.25 7.05 37125 1.63 7.05 4712 3082 6.41 345140 690.42 6.41
Intrusion 62 1.50 1.03 337 0.93 1.03 169 114.90 0.96 444.50 107.76 0.96
Spam 3484 46.29 8.28 47406 3.15 8.28 5933 2547.07 9.18 368969 155.17 9.18
URL 1099 35.04 5.64 35890 0.93 5.64 1206 147.26 5.64 136891 78.27 5.64
Adult 6523 80.80 19.66 | 20361 6.37 19.66 7452 2135.06 | 19.59 | 449078 800.14 19.59
Magic 3145 40.45 7.18 36250 3.07 7.18 7263 1378.14 4.74 336880 401.40 4.74
Winered 3657 46.50 22.32 | 31250 3.57 22.32 11220 632.56 23.38 | 305950 463.10 23.38
Winewhite 3031 118.50 2343 | 38120 2.95 2343 8849 5825.37 | 2343 350640 1070.60 | 23.43
Census 782 261.70 5.77 133600 0.76 5.77 1153 9375 5.73 1234840 | 2518.80 5.73
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assumed that the extents of a node satisfy uniform distribu-
tions in all dimensions, which limited their practical appli-
cability. Later, the assumption was relaxed to nonuniform
data analysis models [23], [28], [29], based on the rationale
that objects within a sufficiently small region are almost uni-
form. These models, however, need analytic expressions of
node size, which cannot meet the needs of dynamic spatial/
temporal data, where the extents follow certain probabilistic
distribution that is related to the length distribution of
objects” lifespan. A recent work [24] proposed the extent
regression model (ERM) that can analyzes R/R"-trees under
arbitrary extent distributions.

Ensemble pruning. For the purpose of reducing computa-
tional and memory costs, ensemble pruning [42], [43]
searches for a good subset of all ensemble members that
perform as good as the original ensemble. A basic assump-
tion in ensemble pruning is that all the base models share a
unique global probability distribution. Therefore, some base
models can be discarded from the ensemble to reduce pre-
diction costs. However, in data streams with dynamic
changing concepts, it is difficult to predict which base
model(s) can be discarded from the ensemble.

Online trees. Various online decision trees have been pro-
posed for real-time data stream classification/regression.
For example, the option trees [44] have been modified for
data stream classification [45] and regression [32] by
enabling continuous learning and any-time prediction. On
the other hand, ensembling multiple sophisticated trees is
also an important research topic. For example, the online
random forests [46] were proposed for online computer
vision and machine learning applications, where the off-line
RFs are modified to cater sequentially arriving data and
continuously changing data distribution. However, these
online trees mainly focus on enabling/accelerating the
online training/learning part, while neglecting the online
testing/prediction part. Therefore, our work can be viewed
as an complement work to theirs.

Classifier indexing. Indexing classifiers can enhance system
performance in data intensive applications. For example, in
search engines and relevance feedback systems, a query can
be a ranking function learned by SVMs. Processing the query
to find top-k results requires evaluating the entire database
by the query function. To alleviate the query response time,
several inexact/exact indexing solutions were proposed for
SVMs [47], [48]. Compared to these work, this paper extends
the idea of indexing one classifier to multiple classifiers,
where exploring shared patterns among classifiers plays a
key role in improving the system performance.

7 CONCLUSIONS

In this paper, we proposed a novel E-tree indexing struc-
ture for sublinear time complexity for classifying high
speed stream records. The main contributions of this study
are threefold: (1) We formulate and address the prediction
efficiency problem for ensemble models on data streams,
which is a legitimate research problem well motivated by
increasing real-time applications. (2) Our solution converts
ensemble models into spatial databases and applies spatial
indexing techniques to achieve sub-linear prediction. This
novel technique can be extended to other data stream

classification models besides ensemble learning, or general
classification models that require timely prediction. (3) The
proposed E-tree evaluation method can be extended to
spatial/temporal data analysis where data nodes have
arbitrary extents.

ACKNOWLEDGMENTS

This work was supported by the National Natural Science
Foundation of China (No. 61003167), China’s 863 project
(No. 2011AA010703) and the Strategic Leading Science and
Technology Projects of Chinese Academy of Sciences (No.
XDA06030200).

REFERENCES

[1] C. Aggarwal, Data Streams: Models and Algorithms. Springer, 2006.

[2] P. Zhang, J. Li, P. Wang, B. Gao, X. Zhu, and L. Guo, “Enabling
Fast Prediction for Ensemble Models on Data Streams,” Proc. 17th
ACM SIGKDD Int’'l Conf. Knowledge Discovery and Data Mining
(KDD), 2011.

[3] M. Masud, J. Gao, L. Khan, J. Han, and B. Thuraisingham,
“Classification and Novel Class Detection in Concept-Drifting
Data Streams under Time Constraints,” IEEE Trans. Knowledge and
Data Eng., vol. 23, no. 6, pp. 859-874, June 2011.

[4] J. Gao, R. Sebastiao, and P. Rodrigues, “Issues in Evaluation of
Stream Learning Algorithms,” Proc. 15th ACM SIGKDD Int’l Conf.
Knowledge Discovery and Data Mining (KDD), 2009.

[5] H.Wang, W.Fan, P. Yu, and J. Han, “Mining Concept-Drifting Data
Streams Using Ensemble Classifiers,” Proc. Ninth ACM SIGKDD
Int’l Conf. Knowledge Discovery and Data Mining (KDD), 2003.

[6] W. Street and Y. Kim, “A Streaming Ensemble Algorithm (SEA)
for Large-Scale Classification,” Proc. Seventh ACM SIGKDD Int’l
Conf. Knowledge Discovery and Data Mining (KDD), 2001.

[7] P. Zhang, X. Zhu, Y. Shi, L. Guo, and X. Wu, “Robust Ensembler
Learning for Mining Noisy Data Streams,” Decision Support Sys-
tems, vol. 50, no. 2, pp. 469-479, 2011.

[8] J. Kolter and M. Maloof, “Using Additive Expert Ensembles to
Cope with Concept Drift,” Proc. 22nd Int’l Conf. Machine Learning
(ICML), 2005.

[9]1 ].Gao, W.Fan, and J. Han, “On Appropriate Assumptions to Mine

Data Streams: Analysis and Practice,” Proc. Seventh IEEE Int’l Conf.

Data Mining (ICDM), 2007.

A. Bifet, G. Holmes, B. Pfahringer, R. Kirkby, and R. Gavalda,

“New Ensemble Methods for Evolving Data Streams,” Proc. 15th

ACM SIGKDD Int’'l Conf. Knowledge Discovery and Data Mining

(KDD), 2009.

P. Zhang, X. Zhu, ]J. Tan, and L. Guo, “Classifier and Cluster

Ensembles for Mining Concept Drifting Data Streams,” Proc. IEEE

10th Int’l Conf. Data Mining (ICDM), 2010.

X. Zhu, P. Zhang, X. Lin, and Y. Shi, “Active Learning from

Stream Data Using Optimal Weight Classifier Ensemble,” IEEE

Trans. System, Man, Cybernetics, Part B: Cybernetics, vol. 40, no. 4,

pp- 1-15, Dec. 2010.

J. Quinlan, C4.5: Programs for Machine Learning. Morgan

Kaufmann Publishers, 1993.

J. Ma, L. Saul, S. Savage, and G. Voelker, “Identifying Suspicious

URLs: An Application of Large-Scale Online Learning,” Proc. 26th

Ann. Int’l Conf. Machine Learning (ICML), 2009.

R. Guting, “An Introduction to Spatial Database Systems,” VLDB

J., vol. 3, no. 4, pp. 357-399, 1994.

A. Guttman, “R-Trees: A Dynamic Index Structure for Spatial

Searching,” Proc. ACM SIGMOD Int’l Conf. Management of Data

(SIGMOD), 1984.

T. Sellis, N. Roussopoulos, and C. Faloutsos, “The R*-Tree: An Effi-

cient and Robust Access Method for Points and Rectangles,” Proc.

ACM SIGMOD Int’l Conf. Management of Data (SIGMOD), 1990.

T. Sellis, N. Roussopoulos, and C. Faloutsos, “The R*-tree: A

Dynamic Index for Multi-Dimensional Objects,” Proc. 13th Int’l

Conf. Very Large Data Bases (VLDB), 1987.

P. Ciaccia, M. Patella, and P. Zezula, “M-Tree: An Efficient Access

Method for Similarity Search in Metric Spaces,” Proc. 23rd Int’l

Conf. Very Large Data Bases (VLDB), 1997.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[171

[18]

[19]



474

[20]

[21]

[22]

[23]

[24]

[25]
[26]

[271

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[371

[38]

[39]

[40]

[41]

[42]

[43]

[44]
[45]

[46]

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL.27, NO.2, FEBRUARY 2015

T. Sellis, N. Roussopoulos, and C. Faloutsos, “Multi-Dimensional
Access Methods: Trees have Grown Everywhere,” Proc. 23rd Int’l
Conf. Very Large Data Bases (VLDB), 1997.

M. Queyranne, “Minimizing Symmetric Submodular Functions,”
Math. Programming, vol. 82, pp. 3-12, 1998.

S. Babu, R. Motwani, K. Munagala, I. Nishizawa, and ]. Widom,
“Adaptive Ordering of Pipelined Stream Filters,” Proc. ACM SIG-
MOD Int’l Conf. Management of Data (SIGMOD), 2004.

Y. Theodoridis and T. Sellis, “A Model for the Prediction of R-Tree
Performance,” Proc. 15th ACM SIGACT-SIGMOD-SIGART Symp.
Principles of Database Systems, 1996.

Y. Tao and D. Papadias, “Performance Analysis of R*-Trees with
Arbitrary Node Extents,” IEEE Trans. Knowledge and Data Eng.,
vol. 16, no. 6, pp. 653-668, June 2014.

A. Asuncion and D. Newman, “UCI Machine Learning
Repository,” http:/ /mlearn.ics.uci.edu/databases/, 2007.

C. Chang and C. Lin, “LIBSVM: A Library for Support Vector
Machines,” http:/ /www.csie.ntu.edu.tw/cjlin/libsvm, 2001.

Y. Theodoridis, E. Stefanakis, and T. Sellis, “Efficient Cost Models
for Spatial Queries Using R-Trees,” IEEE Trans. Knowledge and
Data Eng., vol. 12, no. 1, pp. 19-32, Jan./Feb. 2000.

G. Proietti and C. Faloutsos, “I/O Complexity for Range Queries
on Region Data Stored Using an R-Tree,” Proc. 15th Int’l Conf.
Data Eng. (ICDE), 1999.

S. Acharya, V. Poosala, and S. Ramaswamy, “Selectivity Estima-
tion in Spatial Databases,” Proc. ACM SIGMOD Int’l Conf. Manage-
ment of Data (SIGMOD), 1999.

P. Domingos and G. Hulten, “Mining High-Speed Data Streams,”
Proc. Sixth ACM SIGKDD Int’l Conf. Knowledge Discovery and Data
Mining (KDD), 2000.

C. Domeniconi and D. Gunopulos, “Incremental Support Vector
Machine Construction,” Proc. IEEE Int'l Conf. Data Mining
(ICDM), 2001.

E. Ikonomovska, J. Gama, B. Zenko, and S. Dzeroski, “Speeding-
Up Hoeffding-Based Regression Trees with Options,” Proc. 28th
Int’l Conf. Machine Learning (ICML), 2011.

S. Babu and J. Widom, “Streamon: An Adaptive Engine for Stream
Query Processing,” Proc. ACM SIGMOD Int’l Conf. Management of
Data (SIGMOD), 2004.

S. Whang and H. Molina, “Indexing Boolean Expressions,” Proc.
VLDB Endowment, vol. 2, pp. 37-48, 2009.

A. Machanavajjhala, E. Vee, M. Garofalakis, and ]J.
Shanmugasundaram, “Scalable Ranked Publish/Subscribe,” Proc.
VLDB Endowment, vol. 1, pp. 451-462, 2008.

Z. Liu, S. Parthasarathy, A. Ranganathan, and H. Yang, “Near-
Optimal Algorithms for Shared Filter Evaluation in Data Stream
Systems,” Proc. ACM SIGMOD Int’l Conf. Management of Data
(SIGMOD), pp. 133-145, 2008.

P. Kranen, I. Assent, C. Baldauf, and T. Seidl, “The Clustree:
Indexing Micro-Clusters for Anytime Stream Mining,” Knowledge
and Information Systems, vol. 29, pp. 249-272, 2010.

P. Zhang, B. Gao, X. Zhu, and L. Guo, “Enabling Fast Lazy Learn-
ing for Data Streams,” Proc. IEEE 11th Int’l Conf. Data Mining
(ICDM), 2011.

I. Kamel and C. Faloutsos, “Hilbert R-Tree: An Improved R-Tree
Using Fractals,” Proc. 20th Int’l Conf. Very Large Data Bases
(VLDB), pp. 500-509, 1994.

D. White and R. Jain, “Similarity Indexing with the SS-Tree,” Proc.
IEEE 12th Int’'l Conf. Data Eng. (ICDE), 1996.

C. Faloutsos, T. Sellis, and N. Roussopoulos, “Analysis of Object
Oriented Spatial Access Methods,” Proc. ACM SIGMOD Int’l Conf.
Management of Data (SIGMOD), 1987.

Y. Zhang, S. Burer, and W. Street, “Ensemble Pruning via Semi-
Definite Programming,” J. Machine Learning Research, vol. 7,
no. 2006, pp. 1315-1338, 2006.

Z.Lu, X. Wu, X. Zhu, and J. Bongard, “Ensemble Pruning via Indi-
vidual Contribution Ordering,” Proc. 16th ACM SIGKDD Int’l
Conf. Knowledge Discovery and Data Mining (KDD), 2010.

R. Kohavi and C. Kunz, “Option Decision Trees with Majority
Votes,” Proc. 14th Int’l Conf. Machine Learning (ICML), 1997.

B. Pfahringer, G. Holmes, and R. Kirkby, “New Options for Hoeffd-
ing Trees,” Proc. Australian Joint Conf. Artificial Intelligence, 2009.

A. Saffari, C. Leistner, J. Santner, M. Godec, and H. Bischof, “On-
Line Random Forests,” Proc. 12th Int'l Conf. Computer Vision Work-
shops (ICCV Workshops), 2009.

[47] H. Yu, I. Ko, Y. Kim, S. Hwang, and W. Han, “Exact Indexing for
Support Vector Machines,” Proc. ACM SIGMOD Int’l Conf. Man-
agement of Data (SIGMOD), 2011.

[48] N. Panda and E. Chang, “Exploiting Geometry for Support Vector
Machine Indexing,” Proc. SIAM Int’l Conf. Data Mining (SDM), 2005.

Peng Zhang received the PhD degree in com-
puter science from the Chinese Academy of Sci-
ences in July 2009. He is an associate professor
at the Institute of Information Engineering,
Chinese Academy of Sciences. He was a post-
doctoral research associate at Texas State Uni-
versity and a research assistant professor at
Florida Atlantic University. His research interests
include data stream mining, social network analy-
sis, and convex optimization.

Chuan Zhou received the PhD degree in mathe-
matics from the Chinese Academy of Sciences in
2013. He is currently a postdoctoral research
associate at the Institute of Information Engineer-
ing, Chinese Academy of Sciences. His research
interests include applied stochastic processes
and their applications in machine learning, infor-
mation retrieval, and data mining.

Peng Wang received the bachelor’s degree from
the Department of Computer Science, Beijing
University of Posts and Telecommunications. He
is currently working toward the PhD degree at
the Institute of Information Engineering, Chinese
Academy of Sciences. His research interests
include data stream mining and social network
mining.

Byron J. Gao received the BSc and PhD
degrees in computer science from Simon Fraser
University, Canada, in 2003 and 2007, respec-
tively. He was a postdoctoral fellow at the Univer-
sity of Wisconsin-Madison before joining Texas
State University in 2008. His research spans sev-
eral related fields including data mining, data-
bases, information retrieval, and bioinformatics.

Xingquan Zhu is an Associate Professor in the
Department of Computer & Electrical Engineer-
ing and Computer Science, Florida Atlantic
University. In 2014, he began serving a second
term as an Associate Editor of the IEEE Transac-
tions on Knowledge and Data Engineering
(TKDE) (previously from 2008 to 2012).

Li Guo is a professor with the Institute of Infor-
mation Engineering, Chinese Academy of Scien-
ces. She is also the chairman of the Intelligent
Information Processing Research Center, Insti-
tute of Information Engineering, Chinese Acad-
emy of Sciences. Her research interests include
data stream management systems and informa-
tion security.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.




<<
  /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 /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


