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Abstract

Counting is a common task in many data mining applica-

tions, including market basket data analysis, scientific in-

quiry, and other high dimensional data management appli-

cations. Given a single table, obtaining the instance counts

of the entries in the table is relatively cheap. In situations

where the attributes of interest are distributed across dif-

ferent tables, however, the problem of computing instance

counts can be very expensive. The naive solution, joining

all the relevant relations to obtain a single table suitable for

counting, is rarely practical. In this paper, we propose PICC

(Propagation-based Instance Counts on Concise Graphs), a

novel counting technique for discovering instance counts in

databases. We first propose a propagation-based instance

counting scheme which avoids joins to obtain a single ta-

ble. We then present a method for summarizing a database

into a concise synopsis and describe how to use this along

with the propagation scheme to estimate the required counts

efficiently. The experiment results show that the proposed

technique, PICC, provides significant execution time and ac-

curacy gains over the existing solutions to this problem.

1 Motivation and Related Work
In many data analysis applications, such as business
intelligence or scientific inquiry, it is common for the
analysts to look for relationships and patterns across
various data attributes. For example consider an ar-
chaeologist carrying out a study on animal bone speci-
mens collected at various sites using the relation boneDB
shown in Figure 1. For her analysis, this scientist may
want to answer the following question, “What is the
number of Coyote bones found in AZ?”. In algebraic
terms, her question would translate to

�COUNT (∗)(σspe.=′Coyote′ ∧ found in=′AZ′(boneDB))

In this example, counts of the relevant value pairs can
be computed (relatively) cheaply by a single pass over
the boneDB table. This is, however, only a best case
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Figure 1: Motivating example: an archaeology database

scenario. In the real-world, databases commonly consist
of multiple tables and users’ interest (specified using
queries) usually spans multiple such tables. Counting
becomes costlier when the context of analysis spans
multiple tables in a database. Consider, for instance,
the database schema and instances shown in Figures 2
(a) and (b), respectively.

Example 1.1. Given the database schema in Fig-
ure 2 (a), one way to compute the instance count
in the database for the pair of attributes-values
“species=’Coyote”’ and “found in=’AZ”’ is to join
the individual tables to obtain a combined “counting-
context” table on which counting can be performed:

SBE ← (SpecBone ��bType BoneCode) ��bCode Excavation

CountingContext← SBE ��inst. Researcher.

The resulting CountingContext table (Figure 2(c)), ob-
tained by joining Researcher, Excavation, BoneCode,
and SpecBone, contains the same information as the
boneDB table in Figure 1 and thus can be used to obtain
the counts the analyst needs.

Combining all the tables, however, can be expensive
for large databases. In general, neither on demand
construction of a combined table to be used as the
counting context, nor constant maintenance of the
context is practical. Thus our goal in this paper is to
develop an efficient and effective approach to estimate
counts, without having to combine all relevant relations
in the database into a single relation.

1.1 Selectivity Estimation and Counting In
many data mining applications, such as market bas-
ket analysis and transactional data analysis, knowledge
about multi-attribute instance counts (e.g., numbers of
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(a) a database schema (b) a database instance (c) combined context relation
Figure 2: Motivating example: an archaeology database (continued)

occurrences of related values across different attributes)
is used for discovering association rules [3, 13]. Count-
ing the number of instances of related values is also
common task in database management. For example,
counts of attribute values are often used to compute se-
lectivities of queries, which are then used for estimating
the execution costs of these queries [2, 11, 14, 6, 5].

Histograms [6] and wavelets [5] that summarize
counts of values of a given table are extensively used for
query selectivity estimation. However, these techniques
have shown to provide poor quality estimations when
queries contain multiple joins [14]. Recently, there have
been growing interest on relational data synopses to es-
timate the result sizes of queries in relational databases.
Join synopses approach is commonly based on a ran-
dom sampling of join results. The algorithm in [2]
obtains random samples of join results in the schema
and estimates the result size of queries over the sam-
ple. To capture the correlation among attributes in the
database, [11] leverages a probabilistic relational model
that is mapped onto a probabilistic graph model (i.e.,
Bayesian networks) which supports estimation of selec-
tivities. These two techniques have limitations in that
they can be applied to the queries with only one-to-
many relations (i.e., foreign key based joins). To esti-
mate the result sizes of the queries containing many-to-
many relations, [14] proposed the tuple graph synopses
(TuG) approach. In TuG, the data graph is summarized
into a concise synopsis. Given a query, also represented
as a graph, TuG approximately estimates the selectivity
of the query by traversing the summarized graph. As we
will show in the experiments section (Section 8), how-
ever, these approaches (fine-tuned for selectivity esti-
mation task) are not always effective and efficient when
applied to the count estimation problem.

1.2 Contributions of this Paper In some ways,
the PICC (Propagation-based Instance Counts on
Concise Graphs) scheme we propose in this paper is
similar to TuG. For example, as in TuG, we also cre-
ate and summarize a data graph into a concise synopsis
to support our propagation mechanism. However, there
are fundamental differences between TuG and PICC:

• Foremost, PICC is based on a novel propagation
technique through which an individual node in
the graph is informed with the global query con-
text. Given a query containing many join opera-
tions, TuG has to traverse all relations involved.
PICC, on the other hand, first creates a, so called,
contribution-graph that annotates tuples in the
database with meta-data that help limit the run-
time propagation only to a data-skeleton, i.e., the
subset of the database that is directly related to the
attribute-values. The contribution-graph can be re-
used for counting different attribute-value instances
within the same context query. Since it is common
that, within the same query context, users may as-
sign multiple counting tasks focussing on different
data instances, this can provides savings.

• To reduce the overhead of accessing large data from
the disk, in memory constrained environments,
counting approaches have to rely on data synopses.
We show that PICC works more effectively on
summarized graphs than state-of-the-art method,
TuG.

The rest of this paper is structured as follows. In the
next section, we formalize the problem. In Section 3,
we introduce the data graph structure that is the basis
of the PICC approach to counting. In Section 4, we
first describe how to distill a contribution-graph struc-
ture from the data graph and in Section 4.3, we present
an algorithm to compute instance counts relying on this
contribution-graph structure. In Section 6.1, we describe
a method for summarizing the data graph into a concise
synopsis suitable for memory constrained environments
and in the rest of Section 6, we describe the PICC algo-
rithm for estimating instance counts. In Section 7, we
describe how to adjust the estimates if there is a sam-
ple of counting query result available. In Section 8, we
experimentally evaluate PICC. The experiment results
show that the PICC provides significant execution time
and accuracy gains over existing solutions.

2 Problem Formulation

In this section, we formally define the problem and
introduce some of the fundamental concepts on which
we will rely when developing the PICC approach.
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2.1 Counting-Context Let Q be a join query over
the set of relations, S, over which the analyst issues her
attribute-value counting tasks. We call the query Q the
counting-context query (or context-query in short).

Given a counting-context query, Q, over the set
of relations, S, let CQ[A1, A2, · · · , An] be the table
containing the result of the query. We call CQ as the
counting-context relation1 (or context-relation in short).

2.2 Instance Counting Task An instance counting
task over the counting-context, Q, is a set, AVQ =
{(attr1, v1), . . . , (attrm, vm)}, of attribute-value pairs.
Here, each avi = (attri, vi) ∈ AVQ is an attribute; i.e.,
attri ∈ {A1, . . . , An} in the result.

Example 2.1. In our motivating example, the join
query, Q, (i.e., the counting-context) is

SBE ← (SpecBone ��bType BoneCode) ��bCode Excavation

CountingContext← SBE ��inst. Researcher.

while the corresponding instance counting task is
AVQ = {(Excavation.found in, “AZ′′), (SpecBone.spe,“Coyote′′)}.

Intuitively, the user wants to know how many tuples
in CQ have the set of attribute-value pairs specified in
AVQ. In other words, given a counting task, AVQ,
against the context relation, CQ, the instance count
instCount(CQ, AVQ) is defined as follows;

instCount(CQ, AVQ) =
∑

ni∈CQ

match(ni, AVQ),

where
• ni = 〈a1,i, a2,i, · · · , an,i〉 denotes a tuple in

CQ[A1, A2, · · · , An] and
• match(ni, AVQ) is 1 if the tuple ni has matching

values for the attribute value pairs in AVQ and 0
otherwise.

The instance counting task, AVQ, asks for
instCount(CQ, AVQ).

2.3 Problem Statement As we mentioned in the
introduction, computing instCount(CQ, AVQ) precisely
through materialization of CQ may be prohibitively ex-
pensive. Thus, our objective in this paper is to de-
velop an efficient algorithm to estimate instance counts
in such a way that, given a count task, AVQ, against
CQ, the absolute value of the estimation error,

|instCount(CQ, AVQ) − instCountest(AVQ)|
|instCount(CQ, AVQ)| ,

where instCountest(AVQ) is the instance count estimate
obtained without materializing CQ, is minimized.

1Note that our goal in this paper is to avoid materialization of
this counting-context relation.
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Figure 3: The structure of the context-graph reflects the
given query, Q, while the context-skeleton (Section 4.3)
is identified based on the given counting task, AVQ.
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Figure 4: A data-graph and data-skeleton (Sec-
tion 4.3.2) for the context-graph in Figure 3

3 Context and Data Graphs

As highlighted in Section 1, PICC relies on a data
graph for building the relevant data structures to enable
efficient propagation. The data graph reflects the
structure of the underlying counting-context.

3.1 Counting-Context Graph The counting-
context graph (or context-graph in short) specifies which
attributes of which relations are joined to obtain the
counting-context relation, CQ (Figure 3). Given a
query, Q, the corresponding counting-context graph,
GQ(NQ, EQ), is an undirected acyclic2 graph, where
NQ is the set of relations over which the query is
defined and EQ denotes the attribute correspondences
among these relations. See for example Figure 5(a) for
the counting-context graph for our running example.

Given GQ, leafs(GQ) denotes the set of relations
that correspond to the leafs in the context graph.
Also, given a relation R in the database, the set,
neighbors(R), denotes R’s neighbors in the context
graph. For example, in Figure 5, neighbors(BoneCode)
is {Excavation, SpecBone}.
3.2 Data Graph The data graph, G(N ∪ V, E), is
an undirected graph where N is the set of tuples in the
relations in the database and V is the set of all attribute
values in the database. Let ni ∈ N be a tuple node

2If a database table occurs multiple times in the query (e.g. a
self-join), each table instance is included separately in NQ, thus
ensuring acyclicity of the context graph.
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Figure 5: Motivating example (continued) – due to
space constraints, in the data graph, only the values
of “species” and “found in” are shown

representing a tuple in relation Ri and nj be a tuple
node of relation Rj . Then,

• the edge, (ni, nj) ∈ E, represents the fact that
these two tuples satisfy a join condition specified
in the query context graph and,

• if the tuple, ni, has value, vh,k, for attribute Ah,
then (ni, vh,k) ∈ E is also included in G.

See Figure 5(b) for the data graph for our running
example. In the literature, similar data graphs have
been used for join synopses generation. For example,
[14] uses a tuple graph for join synopses creation. The
PICC data graph is different from the tuple graph
presented in [14] in that the PICC data graph reflects
the structure of the underlying context-graph (shown in
Figure 4), while tuple graph in [14] is generated based
on the database schema.

3.3 How Costly is it to Generate the Data
Graph? The number of join operations required to
create the data graph and the number of joins needed
to obtain the context relation are the same: both are
equal to the number of edges in the query context graph.
However, when creating the PICC data-graph, the input
size to the join operations is much smaller than in
full context relation materialziation. This is because,
the data graph is created by considering only pairs
of tables, whereas context-relation accumulates joined
tuples (potentially leading very large joins) to create
the full combined context-relation. In Section 8.3,
we report construction times of data graphs versus
complete context relations.

4 Propagation-based Counting – First Attempt

In this paper, we propose a novel strategy for efficiently
and effectively estimating instance counts of a given
set of attribute-value pairs. Our approach is based
on a propagation technique, which leverages a pre-
processing stage through which the individual tuples
in the database are annotated with meta-data to help
reduce the cost of instance count computation.
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L
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sub datagraph1 sub datagraphk
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LLk

Figure 6: The number of nis in the result depends
on the numbers of matching rows in the sub-results,
L1, L2, · · · , Lk

contrib(ni,nh);contrib(ni,nh);
contrib(nh,ni)

ni
nh

contribution graph

Figure 7: A contribution-graph for data-graph in Fig-
ure 4 (the edge weights are omitted)

4.1 Intuition Let us consider the example data
graph segment shown in Figure 6. Here tuple node ni is
connected with tuple nodes in L1, L2, · · · , Lk, each rep-
resenting the result of a sub-query to the correspond-
ing portion of the context-graph. Essentially, the tuple
node, ni acts as a connector of k subgraphs, each corre-
sponding to a sub-result table, Li ∈ {L1, L2, · · · , Lk}.

If we were given the k sub-query results, we could
easily compute the number of times ni appears in the
context-relation: we would simply identify the number
of rows3 in each sub-result table that joins with ni.

4.2 Contribution-Graph: A Pre-Computed
Data Structure to Support Efficient Run-time
Propagations Bearing the above intuition in mind,
PICC constructs a weighted, directed contribution-
graph Gc(Nc ∪ Vc, Ec) to reduce to run-time cost of
computing instance counts (Figure 7). Intuitively, the
contribution-graph pre-computes contributions of the
nodes of the data-graph onto each other’s counts:

Definition 4.1. (Contribution-Graph) Let us be
given a query context graph GQ(NQ, EQ) and a data
graph G(N ∪ V, E). The corresponding contribution-
graph, Gc(Nc ∪ Vc, Ec), is as follows:

• Vc = V and Nc = N ,

• For all (ni, vj) ∈ E where ni ∈ N and vj ∈ V ,
there are directed edges 〈ni, vj〉, 〈vj , ni〉 ∈ Ec, such

3Illustrated using darker rows in Figure 6.
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that4 the corresponding edge weights are 1.
• For all (ni, nj) ∈ E where ni, nj ∈ N , there are

directed edges 〈ni, nj〉, 〈nj , ni〉 ∈ Ec, such that the
edge weights, contrib(ni, nj), represents the contri-
bution of ni to the count of nj. (contrib(nj , ni) is
similarly defined.)
If the relation containing tuple node ni is a leaf
relation in the context graph (that is, rl(ni) 5 ∈
leafs(GQ)), then contrib(ni, nj) = 1.

Otherwise, if we let “neighbors∗” be a shorthand
for “neighbors(rl(ni)) \ rl(nj)” (i.e., all neighbors
of the relation containing tuple ni except for the
relation containing tuple nj), then

contrib(ni, nj) =
∏

Lh∈neighbors∗
match(Lh → ni).

Here match(Lh → ni) denotes the number of rows
in the sub-result, Lh, that matches ni (Figure 6):

match(Lh → ni) =
∑

n∈Lh

∧
(n,ni)∈E

match(n → ni)

=
∑

n∈Lh

∧
(n,ni)∈E

contrib(n, ni).

Intuitively, when the node ni is a tuple of a leaf relation,
the outgoing edge weights for ni are set to 1. Otherwise,
the edge weights depend on the weights of the incoming
edges (i.e., the instance counts of the sub-queries).

Example 4.1. Figure 8 shows the contribution-graph
built from the data graph in Figure 5. Here, for instance,
contrib(e1, b1) is computed as follows:

contrib(r1, e1) = contrib(r2, e1) = 1
contrib(e1, b1) = match(Researcher → e1) = 2

In other words, computing the contribution of ni to nj

requires contributions of ni’s neighbors to ni. Thus,
the edge weights can be computed by propagating
contributions starting from the leaves of the data graph.

4.3 Computing Instance Counts Using the
Contribution-Graph – The Naive Approach The
basic idea of instance count computation process is
to propagate relevant contributions, represented as the
edge weights of the contribution graph, until the rele-
vant instance counts are obtained. As we mentioned in
Section 1, a major difference between PICC and other
schemes is that PICC limits the run-time propagation
process only to part of the data graph that is relevant to
the given counting task AVq = {(vi, attr(vi))|attr(vi) ∈
A and vi ∈ V }.

4In this paper, we use 〈a, b〉 to represent a directed edge from
node a to node b, while (a, b) denotes an undirected edge.

5We denote the relation that contains the tuple, ni, as rl(ni).
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Figure 5.
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4.3.1 Context-Skeleton Given a context-
graph GQ(NQ, EQ), PICC identifies a subgraph
Gcsk(Ncsk, Ecsk) ⊆ GQ that contains the relations and
join edges sufficient to connect the set of attribute-
values in AVQ. This subgraph, Gcsk ⊆ GQ is referred to
as the context-skeleton (Figure 3).

Example 4.2. Figure 9 shows the context-
skeleton that relates the two attribute-value pairs
“species=’Coyote”’ and “found in=’AZ”’ in our
running example. The context skeleton consists of three
tables: SpecBone, BoneCode and Excavation:

SBE ← (SpecBone ��bType BoneCode) ��bCode Excavation.

How many “species=’Coyote”’ entries there are in
the SpecBone table for each found in=’AZ”’ entries
in the Excavation table (and vice versa) can be es-
timated solely considering these three tables. On the
other hand, as we have illustrated in Example 1.1, for
correctly counting the instances where attribute-value
pairs “species=’Coyote”’ and “found in=’AZ”’ occur
together, we have to also account for the matching tu-
ples in the Researcher relation:

CountingContext ← SBE ��inst. Researcher.

4.3.2 Data-Skeleton For the above example, exist-
ing join synopsis techniques, such as TuG [14], would
require considering all tuples of all the relations in the
database (to gather sufficient information to approxi-
mately reconstuct the Context relation). This however
can be costly if there are many tables to include in the
computation. PICC eliminates the need to consider the
relations that do not directly help relate the attribute-
value pairs that are in the counting task. In the above
example, this would involve considering only the tuples
in Excavation, BoneCode, and SpecBone tables.

Given a data-graph G(N ∪ V, E), PICC identifies
a subgraph Gdsk(Ndsk ∪ Vdsk, Edsk) ⊆ G that consists
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Figure 10: (a) A path-structured context-skeleton;
(b) counts are propagated on the corresponding data-
skeleton
only of the tuples of relations in Gcsk and the join edges
between them. This subgraph, Gdsk ⊆ G is referred to
as the data-skeleton graph (Figure 4). The run-time
propagation is limited only to the data-skeleton, while
the contributions of the relations that are not on the
data-skeleton is read from a pre-computed lookup table
representing the contribution-graph.

4.3.3 Instance Counting on Path-Structured
Context-Skeletons We first focus on the special case
when the instance counting task, AVQ, contains only
two attribute values, va and vb. In this case, the
context-skeleton is a path as shown in Figure 10 (a).
Figure 10 (b) visualizes the propagation-based instance
count computation process:

1. One of the values (va in this example) is selected
as the propagation source.

2. The other (vb) is selected as the propagation desti-
nation where the pairs’ count will be accumulated.

3. Instance counts are propagated from the source
to the destination, while the contributions of the
relations that are not on the context-skeleton are
accounted for using the information encoded in the
contribution graph.

4. At the end of the propagation process, the result
to the AVQ is accumulated at the destination, vb.

As shown in Figure 10 (b), it is likely that there will be
multiple data-paths that connect the given attributes

values. In this section, we describe a propagation
process assuming that all relevant data-paths have been
enumerated. In Section 5, we will relax this and
describe how a propagation operator can be used to
avoid enumeration of the individual data-paths. Let
P ⊂ Gdsk be the set of paths that connect the given
attribute-value pairs va and vb. Let

ph = va · nh,1 · nh,2 · · ·nh,l · vb

be a path in P and cnt(ph) denote the number of times
the tuple nodes in p appear together in the result. Then,

instCount(AVQ) =
∑

ph∈P
cnt(ph).

We omit the proof of this due to space constraint. To
compute the number, cnt(ph), we need to calculate
the number of times the tuple nodes in ph would
appear together in the context-relation CQ (if CQ was
enumerated):

cnt(ph) = cnt∗(nh,1) × · · · × cnt∗(nh,l−1) × cnt∗(nh,l).

where cnt∗(ni) is the count of the node ni computed
based on the contributions of the relations that are not
along in the context-skeleton:

cnt∗(ni) =
∏

(Lh,rl(ni))∈EQ\Ecsk

(
∑

n∈Lh
∧

(n,ni)∈E

contrib(n, ni))

where cnt∗(ni) is 1 when (Lh, rl(ni)) ∈ EQ \ E is null.
Since the contrib() values are pre-computed, we can
simply read these existing values from the contribution-
graph look-up table. Thus, computing cnt(ph) requires
only considering the tuple nodes on the data-skeleton
from va to vb (Figure 10).

4.3.4 Instance Counting on Tree-Structured
Context-Skeletons When there are more than two
attribute-value pairs in the instance counting task, AVQ,
the corresponding context-skeleton is tree structured.
As in the case of path-structured context-skeletons,
there can be multiple ways to connect all the attribute-
value nodes in the instance counting task. However, in
this case, these do not result in data-paths but result
in data-trees. Let T be the set of all data-trees linking
the attribute-value nodes in the task, AVQ. Then, the
instance count among attribute-values vi ∈ V can be
computed as

instCount(AVQ) =
∑

th∈T
cnt(th),

where cnt(th) is the number of times the nodes in data-
tree th appear together in the context relation.
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If all the data trees have been enumerated, given
th ∈ T , let us randomly pick a rootth

∈ V . Then,
leafs(th) is the set of remaining value nodes; i.e., each
value node in V is assigned as a root or a leaf. cnt(t)
can be computed by propagating contributions (i.e.,
pre-computed contrib() and match() values) from the
leaves to the root through a reverse breathfirst (BFS)
traversal. In next section, we describe how to avoid
enumeration of all matching subtrees.

5 Computing Instance Counts without
Enumerating all Paths and Trees

In Subsections 4.3.3 and 4.3.4, we assumed that all rele-
vant sub-graphs in the data-graph linking the attribute
values in the counting task are enumerated. This is ob-
viously very expensive, and thus, undesirable. Hence,
our first optimization will be to avoid having to enu-
merate all relevant data-graphs.

Given a context-skeleton Gcsk(Ncsk, Ecsk) ⊆ GQ,
and a randomly selected root relation, Rroot ∈ Ncsk, let
us consider a reverse BFS traversal of the relations in
the context-skeleton. As in the data-graph enumeration
methods, we will count instances by propagating con-
tributions from leafs to the root in this reverse BFS or-
der. However, in this case, the local instance counts are
propagated (along the context-skeleton edges) among
relations, instead of individual tuples. We define the
propagation operator on two relations as follows:

Definition 5.1. (Propagation Operator) Let us
be given two relations, Ra and Rb. For any tuple ni,
let agg(ni) be a count aggregator associated to the tu-
ple ni (each agg(ni) is initially set to 1). Then, the
propagation operator, Ra 
 Rb, is such that

agg(nj) = agg(nj)×
∑

〈ni,nj〉∈Edsk∧ni∈Ra

agg(ni)×cnt∗(ni)

Here, cnt∗(n) is obtained using the pre-computed con-
tribution table as in Section 4.3.3.

PICC applies the propagation operator, 
, in the re-
verse BFS traversal order, to accumulate the instance
count information on the tuple nodes of the root rela-
tion. Thus, if Rm is the root of the counting skeleton,
the instance count for the query can be computed as

instCount(AVQ) =
∑

ni∈Rm

agg(ni) × cnt∗(ni).

When computing the instance counts using the propaga-
tion operator, the number of propagation steps is bound
by the number of edges in the data-skeleton.

Example 5.1. In our running example in
Section 2, the instance count for AVQ =

{(Excavation.found in, “AZ ′′), (SpecBone.spe., “Coyote′′)}
is computed (using the contribution-graph in Figure 8)
as follows: Let Excavation be the root relation. Ini-
tially, the count aggregator associated with the tuple
nodes in the data-skeleton are set to 1. Then, agg(b1)
is computed as

agg(b1) = agg(b1)×(agg(s1)×cnt∗(s1)) = 1×(1×1) = 1.

Using this, the value of agg(e1) is computed as

agg(e1) = agg(e1)×(agg(b1)×cnt∗(b1)) = 1×(1×1) = 1.

Since Excavation is the root relation, the final instance
count is obtained as

instCount(AVQ) =
∑

ni∈Excavation

agg(ni) × cnt∗(ni)

= agg(e1) × cnt∗(e1) = 1 × 2 = 2.

6 Estimating Instance Counts based on a
Summarized Graph

In Sections 4 and 5, we described a method to discover
instance counts relying on a data graph. While the pre-
computed contribution-graph presented in Section 4.2
and the propagation operator presented in Section 5
help eliminate redundant computations in run-time, the
process can still be prohibitively expensive for data sets
which do not fit into the main memory. Thus, in this
section, we discuss how to leverage graph summariza-
tion techniques along with the propagation technique
presented in Section 5 to approximately discover the in-
stance counts of a given set of attribute-value pairs.

6.1 Summarization of the Data Graph Summa-
rization (or clustering) of graph-structured data has
been extensively studied in the literature [15, 10].
Graph summarization algorithms can be classified into
two: some (such as [9, 8]) partition the graph by finding
strongly linked components and grouping these nodes
into super-nodes. Others, such as [4, 12], find and clus-
ter nodes that are similar to each other in terms of their
connections to the rest (even if they are not connected
to each other). The algorithm presented in this sec-
tion summarizes the data graph by finding and merging
nodes that have similar neighborhood patterns in the
data graph. In a sense, the algorithm is related to the
later type of clustering algorithms.

6.1.1 Tuple-to-Cluster Similarity One way to
measure the neighborhood similarity between tuple
nodes is to define the similarity in terms of their con-
nections to the rest. Given two tuple nodes ni and nj,
using Jaccard similarity coefficient, the structural simi-
larity between them can be defined as

sim(ni, nj) =
|E(ni) ∩ E(nj)|
|E(ni) ∪ E(nj)|

,
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Figure 11: Graph summarization algorithm

Input : a data graph G(N ∪ V, E), a set of relation
R = {R1, R2, · · ·Rm) and a compression level φ
Output : a summarized graph G′(N ′ ∪ V ′, E′)
1. Initialize current threshold (θ) to 1.
2. Initialize G′(N ′ ∪ V ′, E′) as G(N ∪ V, E)
3. repeat
4. for i = 1 to m do
5. Apply agglomerative hierarchical clustering method
to select nodes M = {n1, n2, · · · , nk} in Ri that are merged
into n′ if sim(M, n′) ≥ θ
6. Update edges, E′

7. if there is no change in N ′ and E′

8. decrease the current threshold θ
9. until the current compression level reaches to φ,
10. return summarized graph G′(N ′ ∪ V ′, E′)

where E(n) be the set of edges connected to node n.
In this paper, we use a similar metric to measure the
similarity between cluster nodes.

Let us assume that a set of k nodes n1, n2, · · · , nk

are chosen to be clustered into a single node in the
summary. Naturally, by substituting one node for these
k nodes, the individuality of k-nodes is lost and this will
result in inaccuracy in the estimations of instance counts
involving any of these nodes. Therefore, the critical
issue in data graph summarization is to pick a similarity
measure capturing how well the neighborhood patterns
of summarized clustered data nodes match. Let us
assume that we are given a data graph G(N ∪V, E) and
a set of k nodes M = {n1, n2, · · ·nk} to be clustered.
Let n′ be a new node created by merging these k
nodes. Then, E(n′) = E(n1) ∪ E(n2) ∪ · · · ∪ E(nk).
Let also NE(R, E(n)) is the number of edges in E(n)
that connect between n with relation R. Given these,
node-to-node Jaccard similarity leads to the following
similarity between n′ and ni ∈ M :

sim(ni, n
′) =

∏

Rh∈neighbors(rl(ni))

|NE(Rh, E(ni))|
|NE(Rh, E(n′))| .

6.1.2 TupleSet-to-Cluster Similarity Using this
definition, we can further compute the similarity of a
given set of nodes M = {n1, n2, · · ·nk} to the cluster
node n′ as follows:

sim(M, n′) =
1

|M | ×
∑

ni∈M

sim(n, n′).

A high value of sim(M, n′) denotes that merged nodes
share similar data neighborhoods. Thus, our goal is to
maximize sim(M, n′) when merging data nodes.

6.2 Data Graph Summarization The data graph
summarization algorithm used in PICC is presented

in Figure 11. In PICC, in order to chose the nodes
to be merged, we employ agglomerative hierarchical
based clustering algorithm [7]. However, we also note
that other clustering algorithms can also be used. The
algorithm starts with an initial data graph G(N ∪V, E),
a set of relations R = {R1, · · · , Rm}, and a compression
level (φ). The algorithm returns a summarized graph
G′(N ′ ∪ V ′, E′).

In the initialization step, the current threshold,
θ, is set to 1. For each relation Ri, the algorithm
iteratively merges nodes M = {n1, n2, · · · , nk} into n′

if the similarity of a set of nodes M to the cluster node
n′ is greater than or equal to the current threshold and
updates edge sets (line 5,6). The algorithm decreases
the current threshold θ if no nodes can be merged at
the current level. This process iteratively is repeated
until reaching to the desired compression level (line 9).

6.3 Computing Instance Counts using Summa-
rized Data Graph Let G′(N ′ ∪ V ′, E′) be a summa-
rized data graph obtained from a given data graph G
based on the algorithm in Section 6.1. The first step
for counting instances is to create a contribution-graph
based on the summarized graph G′. On the other hand,
to reduce the errors due to the summarization, instead
of using the process described in Section 4 as is, we
inject corrective steps in the process.

6.3.1 Revision of the Contribution-Graph Con-
struction Process The contribution-graph G′

c(N ′
c ∪

V ′
c , E′

c) based on a summarized data graph G′(N ′ ∪
V ′, E′) is constructed similarly to Definition 4.1. The
major difference in this case is that the edge weights are
computed in a way that accounts for the potential loss
of precision due to clustering of tuple nodes.

Given a cluster node6 n ∈ N ′, let s(n) be the set
of tuple nodes in the original data graph clustered in
n. The edge weights, contrib(ni, vj) = contrib(vj , ni),
between cluster node (ni ∈ N ′

c) and value node (vj ∈
V ′

c ) are re-defined as follows:

contrib(ni, vj) =
1

|s(ni)|
×

∑

nu∈s(ni)

occur(nu, vj),

instead of as contrib(ni, vj) = 1 as in Definition 4.1.
Here occur(nu, nv) is 1 if edge (nu, nv) exists in G
(otherwise, occur(nu, nv) is 0). In other words, unlike
in the original contribution-graph construction process,
the edge weight between cluster and the value node is
weighted by the number of tuples with attribute-value
vj in the cluster. This is needed because, the cluster
may consist of tuples with different values for the same

6In this paper, we use term “cluster node” to denote a node
created by merging similar tuple nodes in the data graph.
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Figure 12: A summarized contribution-graph built for
the example in Figure 8.

attribute. Thus, contrib(ni, vj) and contrib(vj , ni) is 1
only when all tuples in the cluster node have the same
value, vj , for the corresponding attribute.

The edge weights between cluster nodes, ni, nj ∈
N ′

c, are also obtained by revising Definition 4.1 simi-
larly: if tuple node ni belongs to the leaf relation, then

contrib(ni, nj) =
1

|s(nj)|
×

∑

nu∈s(ni)

∑

nv∈s(nj)

occur(nu, nv)

otherwise,

contrib(ni, nj) =
1

|s(nj)|
×

∑

nu∈s(ni)

∑

nv∈s(nj)

occur(nu, nv)

×
∏

Lh∈neighbor∗
match(Lh → ni)

Example 6.1. Figure 12 shows a summarized
contribution-graph obtained for our running ex-
ample in Figure 5, assuming that s12 and r12 are
cluster nodes created by the merge operation of the
algorithm in Figure 11.

6.3.2 Revision of the Propagation Operator
The propagation operation presented in Definition 5.1
also needs to be re-defined to take into account the loss
of precision due to clustering. Let Ra and Rb be two
relations along the counting skeleton. The propagation
operator, Ra 
 Rb, is revised such that

• for each cluster node na ∈ Ra and nb ∈ Rb, during
propagation the loss of precision from na to nb

should be multiplied by

loss(na, nb) =
1

|s(nb)|
×

∑

nu∈s(na)

∑

nv∈s(nb)

occur(nu, nv).

• for each cluster node n that consists of tuples
having different values for the same attribute,
contrib(n, vn) needs to be multiplied. Thus, if n is
directly linked to the attribute-value, vn, in AVQ,
the count aggregator associated with n is initialized
as contrib(n, vn). Otherwise, it is set to 1.

The aggregated instance counts (i.e., the agg values),
are accumulated in the tuple nodes of the root relation
of the counting skeleton by applying the revised prop-
agation operator in the reverse BFS traversal order. If
Rm is the root of the counting skeleton, PICC estimates
the instance count for the query, AVQ, as

instCountest(AVQ) =
∑

ni∈Rm

agg(ni) × cnt∗(ni) × |ni|.

Example 6.2. Using the summarized contribution-
graph in Figure 12, the instance count for AVQ =
{(Excavation.found in, “AZ ′′), (SpecBone.spe., “Coyote′′)}
is estimated as follows: First initialized:

agg(s12) = contrib(s12, “Coyote′′) = 0.5.

Then, agg(b1) is updated:

agg(b1) =agg(b1) × (agg(s12) × cnt∗(s12) × loss(s12, b1))
=1 × (0.5 × 1 × 2) = 1

Since, e1 is linked to the attribute-value, “AZ”, it is
initialized as:

agg(e1) = contrib(e1, “AZ ′′) = 1.

Then, agg(e1) is updated as

agg(e1) =agg(e1) × (agg(b1) × cnt∗(b1) × loss(b1, e1))
=1 × (1 × 1 × 1) = 1.

Finally, this is propagated to the cluster r12:

instCountest(AVQ) = agg(e1) × cnt∗(e1) × |e1| = 2.

7 Improving Estimates based on Available
Query/Result Samples

As we will see in the experiments section, propagation of
the instance counts over the summarized contribution-
graph is faster than performing the same task on the
original data graph. However, obviously, this comes
with the penalty of a certain degree of reduced precision.
One way to further minimize the estimation error is to
correct the initial estimates by taking into account the
expected error rates computed based on query/result
samples (if they are available). Given a query AVQ

against a context relation CQ, the relative estimation
error, err(CQ, AVQ), can be computed as

|instCount(CQ, AVQ) − instCountest(CQ, AVQ)|
instCount(CQ, AVQ)

.

Then, given a set, AQ, of query/result samples, the
average relative estimation error, avg err(A, CQ), can
be computed similarly

avg err(CQ,AQ) =
1

|AQ|
×

∑

AVQ,i∈AQ

err(CQ, AVQ,i).
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Figure 13: Schema of the database used in experiments
Given an avg err(A, CQ) value computed based on a
set, AQ, of available query samples, PICC adjusts the
estimated instance counts for a new query AVQ as
follows:

instCountadj(CQ, AVQ) =
instCountest(CQ, AVQ)

1 − avg err(CQA)
.

Note that PICC adjusts the estimate assuming that the
instance counts are underestimated. This is because
the graph summarization process usually results in
losses that lead to underestimations in instance counts.
In Section 8.3, we will evaluate the effectiveness of
adjustments for real data sets.

8 Experiments

In this section, we describe the experiments we carried
out to evaluate the effectiveness and efficiency of PICC
approach to counting. In particular,
• in Section 8.1, we compare PICC proposed in this

paper with state-of-the-art method, TuG, without
the graph summarization,

• in Section 8.2, we show that PICC correctly es-
timates instance counts on the summarized-graph
without having to rely on costly join operations,
and

• in Section 8.3, we show that PICC achieves a
significant time gain against existing solutions with
the graph summarization.

Experimental Setup: We evaluated PICC with a
data set collected from ACM digital library [1] on Feb.
2008. The data set consists of 11 relations whose schema
is shown in Figure 13. This database contains 109,490
tuples (before the join). As the context relation, CQ,
we use a single table obtained by joining all relations in
Figure 13. We compute instance counts using following
alternatives:
• case TuGcsk [14]: Here, like PICC, the TuG

graph is generated by considering join relations
connecting all attribute values in instance counting
tasks.

• case TuGfull: In this case, query graph is gener-
ated using the full context-graph. That is, a query
graph contains all join relations provided by the
context relation CQ.

• case PICC: This is the proposed scheme. In
this case, instance counts are computed based
on the graph summarization technique and the
propagation scheme in Section 6.

In order to evaluate the above three methods, we used
the relative estimation error described in Section 7. We
ran all experiments on a machine with 2.33 GHz of CPU.

8.1 Efficiency In this section, we test the efficiency
of proposed approach on real data sets. First, we
compare the construction time of a context relation and
a data graph (Figure 13). In both cases, we use the same
indexes and tables to perform joins in MySQL DBMS.
Under identical conditions, it took 173 minutes to
create the full context relation by joining all tables. In
contrast, it took only 26 seconds to construct the data-
graph. While it is expected that performing a full join
across all tables is more expensive than performing pair-
wise joins to create the data-graph, the size of difference
is striking and motivated propagation-based schemes for
counting. Contribution-graph construction, the second
step in PICC, took 34.5 seconds. Note that this is an
one-time cost for the given context-graph and negligible
against the full-join cost. For comparison with TuG,
we randomly generated 50 instance counting tasks, each
containing two attribute-value pairs of join distance 6.
On the average, PICC took 61 milliseconds per instance
counting task, while TuGfull took 1837 milliseconds.
This shows that PICC effectively leverages the pre-
computed contribution-graph for situations when the
user will perform a large number of counting tasks
within the same context. Moreover, as we will see
next, PICC performs significantly better than TuG in
memory constrained environments.

8.2 Effectiveness on Summarized Graph In pre-
vious experiment, we assumed that the whole of the
data graph can be loaded into the main memory. In
many applications, however, it is impossible to load the
data into the memory. Thus, in this subsection, we
compare the effectiveness of PICC and TuG in memory
constrained environments by constraining the amount of
the data-graph loaded into the memory to 5% to 50%
of the original graph.

In the experiment, we generated three different in-
stance counting task sets. The first two task sets con-
tain two attribute values that are connected by tuples
whose join distance is 2 and 4 joins respectively. For the
evaluation of the propagation scheme in tree-structured
context-skeletons, we also generated an instance count-
ing task set containing three attribute values whose join
distance is 4. Each task set contains randomly gener-
ated 500 task queries. Figure 14 shows the average rel-
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are the results)
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Figure 15: Adjusted estimation using 10% sample queries (the higher the curve, the better are the results): the
results reported in this figure are obtained when 10% graph size is used for three alternatives.

ative estimation error of the algorithms under various
summarization levels (the graph size is defined as the
ratio of the number of nodes in the summarized graph
to the number of nodes in the original graph). In the
experiment, the threshold (θ in Figure 11) of data graph
summarization algorithm decreases by 5% on every it-
eration. Key observations based on Figure 14 can be
summarized as follows:
• When using only the context-skeleton, TuG’s aver-

age error rate is close to 100% for highly summa-
rized graphs. PICC, on the other hand, does not
have this problem as it can leverage the summarized
contribution-graph well.

• PICC, on the other hand, outperforms the state-
of-the-art method, TuGfull. This implies that
the PICC is more suitable for computing instance
counts under memory constraints than TuG.

• As the join distance and the number of attribute
values in the counting task increase, the perfor-
mance gap between PICC and TuGfull also in-
creases. Furthermore, the accuracy gains of PICC
over existing solutions get larger as the size of the
memory decreases.

We also studied the suitability of the three alternatives
when samples for adjusted estimations are available.
For this experiment, we randomly generated and exe-
cuted 50 sample counting tasks for each configuration,

Table 1: Graph summarization time (sec)
Output Size (rel. original graph)
5% 10% 30% 50%

Based on agglomerative
532 529 523 473

hierarchical clustering
Based on K-means 211 243 340 462

computed the average relative estimation error, and ad-
justed estimations presented in Figure 14 based on this
information. To compare the three schemes, in Fig-
ure 15, we use the ratio of queries within a given relative
estimation error, e:

#queries whose adjusted estimation is within e

#total queries
.

The figure plots the relative estimation error upper
bound versus Ratio of Queries within Relative Error.
As shown in the figure, PICC outperforms the other
approaches, which implies that the estimation error of
PICC can be corrected more effectively leveraging a
statistical process than TuGcsk and TuGfull.

8.3 Efficiency on Summarized Graphs In this
section, we test the efficiency of the proposed approach
on summarized graphs.

First of all, Table 1 shows the graph summarization
times under various output graph size constraints. For
these experiments, we tried two well-known algorithms,
agglomerative hierarchical clustering and K-means, to
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Table 2: Construction time for contribution-graphs
Graph Size (rel. original graph)
5% 10% 30% 50%

Construction Time (sec) 5.6 6.5 7.5 9.1

pick the tuples to be merged for he algorithm in
Figure 11. As can be seen in the table, the graph
summarization algorithm based on K-means is faster
than that based on agglomerative hierarchical clustering
and should be used when cost of summarization is a
concern. However, we observed that the quality of
the summarized graph is better when agglomerative
hierarchical clustering is used.

Table 2 shows the contribution-graph construction
time on varying sizes of summarized graphs. As ex-
pected the construction time decreases as the size of
the summarized graph decreases.

Finally, we evaluate the counting performance of
alternative schemes: TuGcsk, TuGfull, and PICC.
There are two main factors that affect the execution
time: the graph size and the distance between the pair
of attribute values in the data graph.
• The effect of the graph size on the execution time:

In order to study the effect of the graph size on the
execution time, we varied the summarized graph
size from 5% to 50% of the original graph and
randomly generated 50 counting tasks containing
two attribute-value pairs of join distance 2.

• The effect of distance between a pair of attribute
values on the execution time: For this experiment,
we randomly generated three task sets that contain
two attribute-value pairs with join distance 2, 4,
and 6, respectively. Each task set contains 50
instance counting task queries and a graph size of
10% is used for this experiment.

As can be seen in Figure 16, TuGfull performs
poorly because it needs to traverse all context relations,
while both TuGcsk and PICC traverse only those re-
lations that connect attribute values in the query. In
fact, TuGcsk and PICC requires almost the same execu-
tion time. However, as described in Section 8.2, TuGcsk

performs very poorly in estimating the instance count.
Thus, we can conclude that, PICC provides the best per-
formance both in query execution time and in the esti-
mation of the instance counts.

9 Conclusion

In this paper, we proposed a novel PICC technique for
estimating the instance counts of sets of attribute-value
pairs in complex multi-table databases. Our proposed
approach relies on a contribution-graph data structure
to reduce the time required for instance counting tasks
and to provide robustness against errors when the data
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Figure 16: Execution times on varying (a) graph sizes
and (b) join distances

is summarized into a concise synopsis to fit into the
memory. The experiment results show that the pro-
posed technique (PICC) provides significant execution
time and accuracy gains over the existing solutions. Ex-
periments also showed that PICC can leverage available
query result samples to adjust its counts estimates more
effectively than the other schemes.

References

[1] ACM Digital Library. http://portal.acm.org/dl.cfm.
[2] S. Acharya, P.B. Gibbons, V. Poosala and S. Ra-

maswamy. Join Synopses for Approximate Query An-
swering. In SIGMOD, 1999.

[3] R. Agrawal and R. Srikant. Fast Algorithms for Mining
Association Rules in Large Databases. In VLDB, 1994.

[4] G. Aggarwal, T. Feder, K. Kenthapadi, S. Khuller,
R. Panigrahy, D. Thomas and A. Zhu. Achieving
Anonymity via Clustering. In SIGMOD , 2006.

[5] K. Chakrabarti, M. Garofalakis, R. Rastogi and
K. Shim. Approximate Query Processing Using
Wavelets. In VLDB, 2000.

[6] S. Chaudhuri, R. Motwani and V. Narasayya. On
Random Sampling over Joins. In SIGMOD, 1999.

[7] W.H.E. Day and H. Edelsbrunner. Efficient algo-
rithms for agglomerative hierarchical clustering meth-
ods. Journal of Classification, v.1 n.1, p.7-24, 1984.

[8] I.S. Dhillon. Co-clustering documents and words using
bipartite spectral graph partitioning. In SIGKDD’01 .

[9] D. Harel and Y. Koren. On Clustering Using Random
Walks. In FSTTCS, 2001.

[10] G. Jeh and J. Widom. SimRank: A measure of
structural-context similarity. In SIGKDD, 2002.

[11] L. Getoor, B. Taskar and D. Koller. Selectivity
Estimation using Probabilistic Models. SIGMOD’01.

[12] K. Lefevre, D.J. Dewitt and R. Ramakrishnan. Incog-
nito: efficient full-domain K-anonymity. SIGMOD’05.

[13] J. Pei, J. Han, B. Mortazavi-Asl, H. Pinto, Q. Chen,
U. Dayal and M.C. Hsu. PrefixSpan: Mining Sequen-
tial Patterns Efficiently by Prefix-Projected Pattern
Growth. In ICDE, 2001.

[14] J. Spiegel and N. Polyzotis. Graph-Based Synopses for
Relational Selectivity Estimation. In SIGMOD, 2006.

[15] X. Yin, J. Han and P.S. Yu. LinkClus: Efficient
Clustering via Heterogeneous Semantic Links. In
VLDB, 2006.

767 Copyright © by SIAM. 
Unauthorized reproduction of this article is prohibited.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




