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Preface 

As data collection sources and channels continuous evolve, mining and correlating information from 
multiple information sources has become a crucial step in data mining and knowledge discovery. On one 
hand, comparing patterns from different databases and understanding their relationships can be extremely 
beneficial for applications such as Bioinformatics, Sensor Networking, and Business Intelligence. In 
particular, important information such as pattern trends and evolving rules buried in each individual 
database, are very hard to discover by examining a single dataset only whereas comparatively mining 
multiple databases will enable users to discover interesting patterns across a set of data collections that 
would not have been possible otherwise. On the other hand, many data mining and data analysis tasks 
such as classification, regression, and clustering, can significantly improve their performance if 
information from different sources can be properly leveraged and if the mining process has the power to 
survey all the data sources involved. 

Unleashing the full power of multiple information sources is, however, a very challenging problem, 
considering that schemas used to represent each data collections might be different (data 
heterogeneousity), data distributions and patterns underlying different data sources may undergo 
continuous changes (concept evolving), and mining tasks for each data source might also be different 
(mining diversity). Even though existing researches have demonstrated several approaches to utilize 
multiple information sources, these methods are still rather ad-hoc and inadequately address some of the 
fundamental research issues in this field: (1) Harnessing Complex Data Relationship: Multiple 
information sources represent a collection of highly correlated data, issues such as data integration, data 
integration, model integration, and model transferring across different domains, play fundamental roles in 
supporting KDD from multiple information sources; (2) Integrative and Cooperative Mining: For 
heterogeneous information sources with diverse mining tasks, the mining should be able to unify all data 
to generate enhanced global models, as well as help individual data collections to cooperatively achieve 
their respective mining goals; and (3) Differentiation and Correlation: Differentiate and coordinate the 
difference between data sources at the knowledge level is one crucial step for users to gain a high-level 
understanding of their data. 

The aim of this workshop is to bring together data mining experts to revisit the problem of pattern 
discovery from multiple information sources, and identify and synthesize current needs for such purposes. 
Representative questions to be addressed include but are not limited to:   

1. Harnessing Complex Data Relationship  
a. Database similarity assessment  
b. Automatic schema mapping and relationship discovery  
c. New mapping framework for multiple information sources  
d. Data source classification and clustering  
e. Data cleansing, data preparation, data/pattern selection, conflict and inconsistency 

resolution  
2. Integrative and Cooperative Mining  

a. Model integration for heterogeneous information sources  
b. Mode transferring across different data domains  
c. Incremental and scalable data mining algorithms  
d. Multi-tasks multi-sources co-learning for multiple information sources  

3. Differentiation and Correlation  
a. Local pattern analysis and fusion  
b. Global pattern synthesizing and assessment  
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c. Merging local rules for global pattern discovery  
d. Pattern summarization from multiple datasets  
e. Multi-dimensional pattern search and comparison  
f. Pattern comparison across multiple data sources  
g. Inter pattern discovery from complex data sources  

4. Stream data mining algorithms  
a. Clustering and classification of data of changing distributions  
b. Data stream processing, storage, and retrieval systems  
c. Sensor networking  

5. Security and privacy issues in multiple information sources  
6. Interactive data mining systems  

a. Query languages for mining multiple information sources  
b. Query optimization for distributed data mining  
c. Distributed data mining operators in supporting interactive data mining queries  

 

In this proceedings, we include two keynote speaks and 6 papers selected from the submissions. We are 
grateful to all program committee members for their constructive comments and suggestions in 
organizing the workshop. We thank them for finishing all the reviews in a very short amount of time. We 
would also like to thank all the authors who submitted their papers to the workshop; we could not make 
an excellent workshop program without their support. The support of the National Science Foundation of 
China (#60674109) is acknowledged! 
 
More information about the workshop can be found at: 
http://www.cse.fau.edu/~xqzhu/mmis/kdd08_mmis.html 
 
 
 
 
August 2008 
 

 

 
         Xingquan Zhu 

         Ruoming Jin 

         Yuri Breitbart 
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Keynote Speak 
 

Harnessing Multiple Information Sources using Compositional Data Mining 
 

Dr. Naren Ramakrishnan, Virginia Tech, USA 
 

Bioinformatics and biological data mining is essentially a cottage industry today: as new 
categories of data and information become available, scientists identify new ways to 
'chain' inferences across them. Different scientists bring different perspectives and hence 
a survey of biological data mining algorithms today will resemble a 'solution first' 
landscape of specialized applications. To further advance data mining, what is needed is 
a compositional approach to building complex data mining applications from simple 
algorithms. This will enable us to capture complex patterns as compositions of simpler 
patterns. In this talk, we present such an approach using two basic pattern classes: 
redescriptions and biclusters. Whereas redescriptions identify patterns within a domain, 
biclusters identify patterns across domains. Both of them mirror shifts-of-vocabulary 
that can be functionally cascaded in arbitrary ways to create rich chains of inferences. 
Given a relational database and its schema,we show how the schema can be 
automatically compiled into a compositional data mining program, and how 
compositional patterns can be efficiently computed without 'wasteful' data mining. 
Several applications will be described. The end-goal is to bring the same 'building block' 
emphasis to data mining multiple sources that languages like SQL bring to querying. 

 

7



Keynote Speak 
 

Load Shedding in Stream Process 
 

Dr. Haixun Wang, IBM Thomas J. Watson Research Center, USA 
 

We consider the problem of resource allocation in mining multiple data streams. Due to 
the large volume and the high speed of streaming data, mining algorithms must cope 
with the effects of system overload.  How to realize maximum mining benefits under 
resource constraints becomes a challenging task. In this paper, we propose a load 
shedding scheme for classifying multiple data streams.  We focus on the following 
problems: i) how to classify data that are dropped by the load shedding scheme?  and ii) 
how to decide when to drop data from a stream? We introduce a quality of decision 
(QoD) metric to measure the level of uncertainty in classification when exact feature 
values of the data are not available because of load shedding.  A Markov model is used 
to predict the distribution of feature values and we make classification decisions using 
the predicted values and the QoD metric. Thus, resources are allocated among multiple 
data streams to maximize the quality of classification decisions.  Furthermore, our load 
shedding scheme is able to learn and adapt to changing data characteristics in the data 
streams.  Experiments on both synthetic data and real-life data show that our load 
shedding scheme is effective in improving the overall accuracy of classification under 
resource constraints. 
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ABSTRACT
This work is motivated by the real-world challenge of de-
tecting Adverse Drug Reactions (ADRs) from multiple ad-
ministrative health databases. ADRs are a leading cause
of hospitalisation and death worldwide. Almost all current
post-market ADR signalling techniques are based on sponta-
neous ADR case reports, which significantly underestimate
the true incidence. On the other hand, various administra-
tive health data are routinely collected. They, when linked
together, would contain evidence of all ADRs. To signal un-
expected and infrequent patterns characteristic of ADRs, we
proposed the Unexpected Temporal Association Rule and its
interestingness measure, unexlev. Its associated mining al-
gorithm, MUTARA, could short-list ADRs from real-world
administrative health databases. In this work, we estab-
lish a new algorithm, HUNT, for highlighting infrequent
and unexpected patterns by comparing their ranks based
on unexlev with those based on traditional leverage. Ex-
perimental results on real-world databases substantiate that
HUNT short-lists more ADRs than MUTARA. HUNT, e.g.,
not only short-lists the drug alendronate associated with the
condition esophagitis as MUTARA does, but also short-lists
alendronate with diarrhoea and vomiting for older (age≥60)
females. Similar improved performance is found for older
males as well as on other drugs. The techniques are promis-
ing for post-market drug monitoring based on linked admin-
istrative health databases and are included in a health data

∗Huidong Jin is currently with NICTA Canberra Labora-
tory, Locked Bag 8001, Canberra, ACT 2601, Australia. The
work was done when he was with CSIRO.†Jie Chen is currently with SigNav Pty Ltd, Australia.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
MMIS ’08, August 24, 2008, Las Vegas, Nevada, USA.
Copyright 2008 ACM 978-1-60558-273-3 ...$5.00.

mining system delivered to a government agency.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications –
Data mining, Scientific databases; J.3 [Life and Medical
Sciences]: Health

General Terms
Algorithms, Performance, Experimentations

Keywords
Adverse drug reaction, post-market drug surveillance, unex-
pected temporal associations, user-based exclusion, linked
administrative health data

1. INTRODUCTION
As defined by the International Committee on Harmoni-

sation (ICH), Adverse Drug Reactions (ADRs) concern “all
noxious and unintended responses to a medicinal product
related to any dose. The phrase ‘responses to a medic-
inal product’ means that a causal relationship between a
medicinal product and an adverse event is at least a possi-
bility [28].” ADRs as patterns represent causal relationships
between adverse events and use of medicines, such as alen-
dronate1 causing esophagitis [27]. In Australia, it has been
estimated that at least 80,000 hospital admissions each year
are medication related, at an annual cost of AU$350 mil-
lion [23]. In the USA, the overall incidence of serious ad-
verse events has been estimated to be 6.7% of hospitalised
patients, which makes adverse events the fourth to sixth
leading cause of death in hospital [15]. Among them, 30%
to 60% are preventable/avoidable by careful prescribing and
monitoring [23]. Detailed knowledge of ADRs plays a crucial
role in preventing/avoiding adverse events [9]. For example,
using ADR patterns like drug→symptom, computerised sys-
tems are able to search health records to monitor and detect
adverse events [3]. Such patterns can be used to find at-risk
patient groups [17] and also help practitioners ameliorate
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their diagnoses and prescriptions [26]. Hence, systemati-
cally signalling and then validating ADRs is of financial and
social importance [13]. This work will focus on signalling
ADRs.

Due to practical limitations on patient numbers and trial
duration, pre-market drug testing is unlikely to determine
all ADRs, especially those with incidence rates less than

1
1000

[26]. There exist several post-market ADR detection
techniques [9], known as signal detection in pharmacovigi-
lance, like Multi-item Gamma Poisson Shrinker (MGPS) [6],
Bayesian Confidence Propagation Neural Network(BCPNN) [2],
and Proportional Reporting Ratios (PRRs) [5]. These ap-
proaches operate on spontaneous ADR case reports, in which
drugs reportedly cause conditions. These reports are col-
lected via voluntary reporting systems such as the Aus-
tralian ADR Reporting System [1, 9]. However, if only based
on these spontaneous ADR reports, the frequency of ADRs
is underestimated, typically by a factor of about 20 [3].
ADRs may go unnoticed until lots of patients have been
affected, e.g., recent experience with rofecoxib [22, 14]. In
contrast, administrative health databases routinely record
health events for subsidy purposes, such as medical services
in Medicare Benefits Scheme (MBS) database, drug pre-
scriptions in Pharmaceutical Benefits Scheme (PBS) database
and diagnoses in morbidity databases. They often cover sub-
stantial populations and are readily available. They, after
being linked together, become valuable resources for gaining
insight into actual patient care. For example, investigating
them together for signalling potential ADRs could greatly
complement existing ADR signalling systems.

As the first attempt to highlight infrequent and unex-
pected patterns having characteristics of ADRs from linked
administrative databases, we proposed the new knowledge
representation, Unexpected Temporal Association Rules (UTARs),
to describe patterns where an outcome unexpectedly oc-
curs shortly after an event pattern [10]. Corresponding
to unexpectedness, we introduced an interestingness mea-
sure, unexlev, and a mining algorithm MUTARA [10]. MU-
TARA empirically outperforms Temporal Association Rules
(TARs) mining algorithms based on leverage such as OPUS ARt,
which is extended from OPUS AR [30]. In this work, a
new interestingness measure, rankRatio, is proposed. We
establish a mining algorithm HUNT (Highlighting UTARs,
Negating TARs). It can short-list more ADRs than MU-
TARA and OPUS ARt do from linked health databases for
a given drug. The HUNT algorithm is included in the up-
dated iHealth Explorer tool [21] that was delivered to the
Australian Government Department of Health and Ageing
(DoHA).

The rest of the paper is organised as follows. We outline
TARs and UTARs in Section 2, and then present rankRatio
and HUNT algorithm designed to further highlight patterns
characteristic of ADRs in Section 3. Typical results and an
empirical reliability examination of HUNT are presented in
Section 4. We discuss related work in Section 5, followed by

1Alendronate is an aminobisphosphonate which specifically
inhibits osteoclast-mediated bone resorption. It was ap-
proved for treatment of osteoporosis in postmenopausal
women and Paget’s disease of bone. Alendronate is suspected
of inducing various side effects such as esophagitis [27], diar-
rhoea, vomiting, breathing difficulties, headache, constipation,
stomach pain, heartburn, itching, pain in bones, muscles, eyes,
chest, or joints, swelling of eyes, face, lips, or throat, etc [22].

concluding comments in Section 6.

2. MINING INFREQUENT AND
UNEXPECTED PATTERNS

Throughout business, health, science, and engineering, a
large number of events are recorded with corresponding tem-
poral information, i.e., timestamps. A typical example is
information about patients’ interaction with the healthcare
system, like prescribed drugs recorded in the PBS database,
diagnoses in the morbidity databases and medical services in
the MBS database. Fig. 1 illustrated a set of timestamped
events, Ai or Cj from two linked databases for three in-
dividuals. Among these temporal health event sequences,
patterns characteristic of ADRs are normally unexpected
and infrequent. This is because (1) all drugs are rigorously
screened before marketing, and (2) post-market drugs found
to be strongly associated with adverse events are restricted
for prescription or removed from the market. Furthermore,
another difficulty is that a drug is strongly associated with
certain diagnoses because it is deliberately prescribed for
treatment/prevention. Therefore, it is unlikely to identify
ADRs through finding frequent sequential patterns/associ-
ations from the event sequences, as done in current tempo-
ral data mining [25, 18]. We designed a new technique [10],
by mining unexpected temporal association between adverse
events and use of specific medicines, to address the particu-
lar challenge of signalling ADRs from the whole set of tem-
poral health event sequences, Ω. We outline it as follows.

2.1 Temporal Association Rules
We first adopted Temporal Association Rules (TARs), de-

noted by A
T→ C, to describe patterns like the antecedent

A followed by the consequent C within a time window of
length T [10]. This was extended from association rules [30,

16]. The notation
T→ is used to indicate explicitly that the

antecedent A and/or the consequent C occur within subse-
quences constrained by a time window of length T . This
imposes the temporal constraints of effect time of events be-
cause medicines are usually short-acting, e.g., within less
than six months for acute or sub-acute ADRs [26].

To handle the infrequency of ADRs, we used an event-
oriented data preparation technique for a given A [10], e.g.,
Drug A6 in Fig. 1. The event-oriented data preparation
technique chooses a T -constrained subsequence from each
sequence. Each T -constrained subsequence starts from the
first A for each drug A user sequence, e.g., the event sub-
sequence within the hazard period of User 1 in Fig. 1. For
each drug nonuser sequence, the T -constrained subsequence
is randomly chosen for the sake of simplicity. For example,
it consists of events within the control period of Nonuser 1 in
Fig. 1. Regarding the ordering within subsequences and the
consequent C, they may be existence patterns (i.e., a set of
event types of any order) or sequential patterns (i.e., a list of
ordered event types). For simplicity, we mainly discuss exis-
tence patterns in this work. Thus, as illustrated in Fig. 1, the
subsequences for User 1 and Nonuser 1 are {C1,C2,C3} and
{C2} within the hazard and the control periods respectively,
if only C1-C5 are of interest. There are several measures of

TARs. The support, supp(A
T→ C), is the proportion of

subsequences where A occurs before C at least once, among
all the T -constrained subsequences in Ω. The confidence
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Figure 1: Illustration of three temporal health event sequences and concepts of MUTARA and HUNT given
the antecedent A6. For example, A1-A8 are prescribed drugs from the PBS database and C1-C5 are diagnoses
from the morbidity databases. The T -constrained subsequences for Users 1 & 2 and Nonuser 1 include event
types within the hazard and the control periods respectively. Th

.
= Tc = T . By default, a hazard period unites

the first 2 effect periods around A6, and a control period is set randomly for each nonuser sequence.

is conf(A
T→ C) = supp(A

T→C)

supp(A
T→)

where supp(A
T→) indicates

the proportion of T -constrained subsequences that contain
A. The strength of temporal association is measured by
leverage [10],

leverage(A
T→ C) = supp(A

T→ C)−supp(A
T→)×supp(

T→ C).
(1)

For the three subsequences in Fig. 1, leverage(A6
T→ C3) =

2
3
− 2

3
× 2

3
= 2

9
. This is greater than leverage(A6

T→ C1) = 1
9
.

A TAR is said to be valid if its support, confidence, and
leverage are greater than pre-specified thresholds θs, θc, and
θl respectively. However, it is not so easy to set thresholds
that give the “right” level of alerts.

To avoid the tricky problem of setting these problem-
specific thresholds, we tried to short-list ADRs as TARs
with the highest interestingness measures such as risk ratio,
lift and leverage. For example, OPUS ARt simply applies
OPUS AR [30] on these T -constrained subsequences, and
return pre-specified number of TARs that maximise lever-
age [10]. However, experiments showed that OPUS ARt did
not perform well. This is mainly because that these mea-
sures do not consider unexpectedness.

2.2 User-based Exclusion and Unexlev
The new knowledge representation, Unexpected Tempo-

ral Association Rules (UTARs), was proposed to embed
temporal unexpectedness directly [10]. A UTAR, denoted

by A
T
↪→ C, means that the consequent C occurs unexpect-

edly within a T -sized period after the antecedent A. The
temporal unexpectedness is aggregated from individual sub-
sequences in Ω.

The support of a UTAR, supp(A
T
↪→ C), is the propor-

tion of the T -constrained subsequences that contain A un-
expectedly followed by C, among all of the T -constrained
subsequences in Ω. That is, only the subsequences that

contain A and then unexpectedly contain C would favor

A
T
↪→ C. Within a single sequence, we bypass the problem

of determining whether event types unexpectedly follow A
and only exclude expected event types following A. Our
user-based exclusion provides a method for this. It bor-
rows the concept of reference periods from case-crossover
studies [19]. A reference period is a Tr-sized period which
is a Tb-sized interval before the first occurrence of A as
shown in Fig. 1. If an event type (e.g., suffering from a
disease) occurs in the reference period, it is not unexpected
to see it after A. The event types within the reference pe-
riod are probably expected to the user with respect to the
antecedent A. They can be excluded for mining pairwise
UTARs. For User 1 in Fig. 1, e.g., C3 is in the reference
period, and then only {C1, C2} is left for this subsequence.

So supp(A6
T
↪→ C3) = supp(A6

T
↪→ C1) = 1

3
.

The interestingness measure, unexlev , of the UTAR A
T
↪→

C is defined as the proportion of the subsequences that
exhibit the unexpected association in excess of those that
would be supposed if A and unexpected C were independent
of each other, among all of the T -constrained subsequences
in Ω. That is,

unexlev(A
T
↪→ C) = supp(A

T
↪→ C)−supp(A

T→)×supp(
T
↪→ C)

(2)

where supp(
T
↪→ C) is the proportion of the subsequences that

unexpectedly contain C, among all the T -constrained subse-
quences in Ω. For simplicity, we assume that a nonuser sub-
sequence “unexpectedly contain” C once it contains C. For

the three sequences in Fig. 1, e.g., unexlev(A6
T
↪→ C3) = 1

9

and unexlev(A6
T
↪→ C1) = 1

9
.

Similar to OPUS ARt, the mining algorithm MUTARA
only outputs a pre-specified number of, say 10, UTARs with
the highest unexlev values. Experiments on real-world data
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Algorithm 1 HUNT (Highlighting UTARs, Negating
TARs)

1. Initialise parameters, including the antecedent A,
event types of interest, the study period [tS , tE ], time
period lengths Te, Tc, Tr, and Tb, and the number of
output UTARs K;

2. Choose nonuser subsequences from the control period
from nonuser sequences;

3. Prepare user subsequences from user sequences which
have A within the study period, and choose event types
from hazard periods;

4. Calculate and rank leverage of each event type based
on all the subsequences;

5. From each user subsequence, exclude some event types
using the user-based exclusion with respect to the an-
tecedent A;

6. Calculate and rank unexlev of each event type based
on the remaining user subsequences and the nonuser
subsequences;

7. Calculate rankRatio for each event type, and return
top K event types with the highest rankRatio.

showed that MUTARA signalled potential ADRs success-
fully [10]. MUTARA also could reject irrelevant associations
like hypertension NOS with alendronate [10].

3. FURTHER HIGHLIGHT UTARS
From event sequences stored in multiple administrative

health databases, MUTARA only outputs the top 10 UTARs
with the highest unexlev values. Usually, there are only a
few known ADRs in the top 10 shortlists [10]. In addition,
MUTARA cannot distinguish adverse events from “thera-
peutic failures”very well, especially when data quality is not
very good. For example, in the linked databases for our ex-
periments [10], clinical details are lacking and little condition
information is available other than hospitalisation diagnoses.
A “therapeutic failure”means that despite a drug being pre-
scribed for a specific condition, the condition still appears
after the treatment. This may indicate ongoing manage-
ment of a condition. For example, conditions related with
osteoporosis often occur after taking alendronate [10], though
it is prescribed to treat/prevent these conditions. Thus, os-
teoporosis NOS and path FX vertebrae are ranked as, respec-
tively, No 1 and 2 for older females by MUTARA in Table 1.
In this section, we propose a new interestingness measure to
degrade these uninteresting conditions in order to short-list
more side effects in the top 10.

Intuitively, a condition treated by a drug may occur both
before and after taking the drug for some patients. It means
that its unexpected association strength is decreased ob-
viously after the user-based exclusion operation. In other
words, its rank based on unexlev is more likely lowered in
comparison with its rank based on leverage. In contrast,
in a single sequence, a genuine adverse event (or side ef-
fect) must by definition occur after taking the drug. Its
unexlev is decreased slightly and its rank based on unexlev
is more likely raised with respect to its rank based on lever-
age. That is, the comparison between the ranks based on
unexlev and leverage can further distinguish adverse events
from others including “therapeutic failures”. We define the
rankRatio of a pattern C with respect to the antecedent

A, denoted by RR(A
T
↪→ C), as the ratio of its rank based on

leverage rankleverage(A
T→ C) to its rank based on unexlev

rankunexlev(A
T
↪→ C). That is,

RR(A
T
↪→ C) =

rankleverage(A
T→ C)

rankunexlev(A
T
↪→ C)

. (3)

It is worth noting that neither the difference of ranks
nor the ratio of leverage to unexlev is good at highlighting
ADRs. Actually, there are often two large groups of con-
ditions with very low leverage values (almost 0). The first
group of dozens of conditions, occur rarely after, but not
before, A for a few patients. The second group, also dozens
of conditions, occur after or before taking A by chance. The

difference of ranks [rankleverage(A
T→ C)−rankunexlev(A

T
↪→ C)]

could not distinguish adverse effects from the first group of
conditions. As caused by the second group of conditions,
the difference of ranks for the first group are very large. On
the other hand, the second group of conditions are probably
short-listed by the ratio of leverage to unexlev as their un-
exlev values are almost 0. Our rankRatio prefers conditions
with reasonable leverage and high unexlev values. It thus
could distinguish adverse effects from these two groups of
conditions.

Based on the measure rankRatio, we develop a simple but
effective algorithm to search for interesting UTARs when
the antecedent, say a drug, is specified in advance. We
concentrate on pairwise UTARs such as a pattern where
a drug induces a particular type of adverse event. Pairwise
ADRs are of great practical value, and success on signalling
them may pave the way towards mining sophisticated ADRs
in future. The proposed mining algorithm, HUNT, is out-
lined in Algorithm 1. We exemplify it on the three temporal
event sequences from the two types of administrative health
databases, as shown in Fig. 1.

In Step 1, we initialise parameters the same way as in
MUTARA [10].

• The antecedent A is specified to restrict the search
space, e.g., Drug A6. The sequences having A are user
sequences, and otherwise nonuser sequences.

• Event types of interest determine the possible candi-
dates for the consequent C, e.g., diagnoses C1-C5.

• A study period is specified by [tS , tE ] according to the
antecedent A. User sequences that do not contain A
within this period are ignored in Step 3.

• In order to offset low frequency, a hazard period may
cover several effect periods in a single user sequence.
Each effect period starts with an A and with effect pe-
riod length Te. This ensures the existence of A within
a Te-size period before any event in the hazard period.
Based on some empirical results, the hazard period is
by default set as the union of the first two effect peri-
ods as illustrated in Fig. 1 for User 1.

• The time lengths Tc, Tr, and Tb indicate lengths of,
respectively, the control period, the reference period,
and the period between the first A and the starting point
of the reference period as shown in Fig. 1.

• The number of output UTARs, K, is set as 10.

In Step 2 of HUNT, for each nonuser sequence, we ran-
domly choose the control period within [tS , tE + Tc]. To
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avoid further selection biases caused by other confounding
factors like age and gender, all drug nonusers are chosen from
the same demographical stratum as drug users. The event
types within the control period comprise the nonuser subse-
quence, say, {C2} for Nonuser 1 in Fig. 1. In Step 3, a user
subsequence consists of event types of interest within the
hazard period. For Users 1 & 2 in Fig. 1, the subsequences
are {C1,C2,C3} and {C2,C3} respectively. In Step 4, the
leverage values and ranks of these event types are calcu-
lated. For the three sequences in Fig. 1, with respect to A6,
the ranks for C1, C2, C3 are No 2, 3, and 1 respectively.

In Step 5, for each user, event types within its reference
period are excluded from its subsequence. For example, for
User 1 in Fig. 1, {C3}, interpreted as a pre-condition, is re-
moved from {C1,C2,C3}. Then in Step 6, using the remain-
ing user and the nonuser subsequences, the unexlev values
of these event types are calculated using Eq.(2). Their ranks
based on unexlev are calculated. For the three sequences in
Fig. 1, the ranks of C1, C2, C3 based on unexlev are No 1,
3, and 1 respectively.

In Step 7, HUNT outputs top K event types with the
highest rankRatio according to Eq.(3). Together with the
antecedent A, we have K most interesting UTARs. For the
three sequences in Fig. 1, e.g., the ranks based on rankRatio
of C1, C2, C3 become No 1, 2, and 2 respectively. Thus,

rankRatio prefers A
T
↪→C1 to A

T
↪→C3.

In our implementation, the first 4 steps of OPUS ARt are
almost the same as those of HUNT. After that, OPAR ARt

outputs top K event types with the highest leverage values.
The differences of MUTARA from HUNT lie in Step 4 and
the last step of HUNT. MUTARA does not execute Step 4.
In its last step, MUTARA outputs top K event types with
the highest unexlev values.

4. EXPERIMENTS AND RESULTS

4.1 Linked Administrative Health Databases
The CSIRO, through its Division of Mathematical and

Information Sciences, was commissioned by the now Aus-
tralian Government Department of Health and Ageing in
August 2002 to analyse a linked data set produced from
Medicare Benefits Scheme (MBS), Pharmaceutical Benefits
Scheme (PBS) and Queensland Hospital morbidity data,
more commonly referred to as the Queensland Linked Data
Set (QLDS). The objective was to provide a demonstration
of the utility of data mining on de-identified administrative
health data to investigate patterns of utilisation, adverse
events and other health outcomes.

The QLDS contained de-identified and confidentially linked
patient level hospital separation data (from 1 July 1995 to
30 June 1999), MBS data and data (both from 1 January
1995 to 31 December 1999). All data were de-identified,
and actual dates of service were removed, so that time se-
quences were indicated only by time from first admission.
This process provided strong privacy protection, consistent
with the requirements of relevant Federal and State legisla-
tion. CSIRO held the QLDS in a secure computer environ-
ment and limited access to authorised staff directly involved
in the data analysis.

The QLDS provides, though with some limitations, a unique
and real-world data set appropriate for testing the proposed
techniques. Each record in the hospital data corresponds

to one inpatient episode, and each diagnosis is coded in the
International Classification of Diseases, 9th revision, Clini-
cal Modification (ICD-9-CM) system. For example, 53011
and 53081 represent two kinds of esophagitis, namely re-
flux esophagitis and esophageal reflux respectively. There
are 2,020 different ICD-9-CM codes. Each record in the
PBS data corresponds to one medicine supplied to one pa-
tient, and the 3,842 distinct prescription items are mapped
into 758 distinct codes in the WHO Anatomical Therapeu-
tic Chemical (ATC) system. For convenience, we refer to 1
January 1995 as Day 1 hereinafter. Thus the time period is
[1, 1826] for all the health events.

Considering that a drug is sometimes prescribed as treat-
ment for a specific side effect, this drug could be used as a
proxy or flag for the side effect. For example, prescription
of lactulose is a good proxy for constipation [22]. Suspected
ADRs can similarly be signalled by observing the use of a
drug prescribed to treat side effects, e.g., the use of antacids
for the treatment of esophagitis following use of alendronate.
This can highlight some adverse events that are not severe
enough to lead to hospital admission. This can not only han-
dle the data incompleteness issue of the QLDS but also fur-
ther illustrate the applicability of our proposed techniques,
e.g., working on drug prescription sequences only.

Like other data mining results, it is unrealistic to expect
every interesting UTAR generated from the QLDS to be of
value to domain experts as an ADR signal. There are specific
reasons inherent in the QLDS. First, it only contains hospi-
talised patients, who may not provide a good representation
of the general patient population [26]. Second, the QLDS
contains incomplete health information. It does not contain
any diagnoses except for inpatient episodes. It does not con-
tain any prescriptions within inpatient episodes. It does not
contain all health records for patients who moved into/out-
of Queensland within the period [1, 1826]. Thus, similar to
signalling ADRs from spontaneous ADR reports [6, 9], our
goal is to reliably short-list the unexpected associations be-
tween adverse events and use of medicines among the most
interesting UTARs. These short-listed UTARs will have to
be further evaluated, e.g., using causality analysis, clinical
review [9], and other considerations in interpretation on any
findings. Because this is yet to be done for our results, only
those results consistent with domain knowledge in literature
are reported in this paper.

We only report some preliminary results generated by
HUNT, in comparison with MUTARA and OPUS ARt, as
approved by the DoHA. We concentrate on two drugs intro-
duced within the period [600, 1200], alendronate1 and ator-
vastatin2. Since atorvastatin is well-tolerated and its adverse
events rarely lead to hospitalisation, we must resort to us-
ing other prescribed drugs as proxies for signalling its side
effects. To control confounding factors, we stratify the pop-
ulation by age and gender. Because ADRs occur relatively
more frequently for older people [4], we only report results
on two strata, ‘older (age≥ 60) females’ and ‘older (age≥ 60)
males’. Another factor is that this population consumes the
majority of the two drugs, e.g., over 70% alendronate users
are not less than 60. We set Te = Tc = 180 in days for
acute or sub-acute ADRs and Tr = Tb = 6 × Te. For the

2Atorvastatin is used with diet changes to reduce the amount
of cholesterol and certain fatty substances in the blood. Its
side effects include stomach ulcer, urinary tract infection, di-
arrhoea, bronchitis, etc [24].
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Table 1: Unexpected inpatient diagnoses generated by HUNT for older females given alendronate (4341
patients have used alendronate during [672, 1465], 121962 nonusers, and totally N = 4341+121962 = 126303. RR
indicates rankRatio. One with X is short-listed by HUNT but not by MUTARA.).

Rank based on ICD-9-CM Disease Unexlev supp(
T
↪→ UTAR Leverage supp(

T→ TAR
RR Unexlev Leverage code name C)×N support C)×N support

1 6 24 —– ——– 1.35E-04 85 20 1.43E-04 86 21
2 4 13 53011 Reflux esophagitis 1.59E-04 579 40 2.20E-04 587 48
3 9 23 —– ——– 1.13E-04 225 22 1.43E-04 229 26
4 11 25 —– ——– 1.12E-04 375 27 1.42E-04 379 31

X 5 23 52 78791 Diarrhoea 7.50E-05 277 19 7.50E-05 277 19
6 18 40 —– ——– 9.22E-05 243 20 9.22E-05 243 20
7 27 60 —– ——– 6.39E-05 56 10 6.39E-05 56 10
8 5 11 —– ——– 1.52E-04 344 31 2.28E-04 354 41

X 9 26 56 78701 Nausea with vomiting 6.41E-05 230 16 7.17E-05 231 17
10 3 6 —– ——– 1.90E-04 118 28 3.50E-04 139 49

59 2 3 73313 Path FX vertebrae 3.57E-04 260 54 5.63E-04 287 81
762 1 1 73300 Osteoporosis NOS 1.13E-03 954 175 2.02E-03 1071 292

study period [tS , tE ], tS is set as the drug introduction day,
i.e., 672 and 1114 for alendronate and atorvastatin respec-
tively. In order to leave reasonable room for hazard periods,
tE = 1645 − Te for inpatient diagnoses and tE = 1826 − Te

for prescribed drugs. The reason is that inpatient diagnoses
and PBS records end on Days 1645 and 1826 respectively.

4.2 Typical Results on Inpatient Diagnoses
Table 1 lists inpatient diagnoses highlighted by HUNT

for older females given alendronate. They are listed in the
descending order of rankRatio and compared with unexlev
and leverage values generated by MUTARA and OPUS ARt

respectively. Three diagnoses, in bold in Table 1, among the
top 10 are known ADRs associated with alendronate.

Reflux esophagitis is ranked as No 2 among 2020 different

diagnosis based on its rankRatio value of 3.25(= (Column 3)
(Column 2)

=
13
4

). It is worth noting that 48 (TAR support) patients suf-
fer from reflux esophagitis within 180 days after taking alen-
dronate. Among them, 40 (UTAR support) drug users start
suffering from reflux esophagitis after the drug usage. Thus,

alendronate
T
↪→reflux esophagitis is highlighted as a potential

ADR, as confirmed in [27].
As for diarrhoea, 19 alendronate users suffer from it within

180 days after taking alendronate. None of them suffers
from diarrhoea during their reference periods. So diarrhoea
is possibly induced by alendronate1. This known ADR is
successfully short-listed by HUNT as No 5. MUTARA and
OPUS ARt rank it as low as No 23 and No 52 respectively.
Similarly, as indicated with Xin Table 1, HUNT short-lists
another side effect nausea with vomiting1 as No 9. MUTARA
and OPUS ARt rank it as low as No 26 and No 56 respec-
tively. Furthermore, HUNT successfully degrades two con-
ditions, osteoporosis NOS and path FX vertebrae, which alen-
dronate is used to treat/prevent.

Table 2 lists some inpatient diagnoses unexpectedly as-
sociated with alendronate for older males. Similar to MU-
TARA for this stratum, HUNT short-lists one known ADR

alendronate
T
↪→esophageal reflux, as confirmed in [27]. Among

the 10 drug users suffering from esophageal reflux, only one
suffers from this in the reference period. Esophageal reflux
is ranked as No 2 by MUTARA and No 11 by OPUS ARt.
HUNT ranks it as No 1 based on its rankRatio of 5.5.

4.3 Typical Results on Prescribed Drugs
In this section, we use prescribed drugs as indications for

suspected side effects of alendronate and atorvastatin.
Table 3 lists the top 10 drugs short-listed by HUNT for

older females as alendronate is given. Five drugs shown in
bold could be hypothesised as having possibly been pre-
scribed to treat side effects of alendronate1. Besides three
drugs (No 2, 6, 10) short-listed by MUTARA, HUNT short-
lists two more drugs, Methylprednisolone aceponate and pan-
toprazole. These two are indicated with Xin the table. Methyl-
prednisolone aceponate is ranked as No 1 by HUNT while No
12 by MUTARA and No 95 by OPUS ARt. It is a corti-
costeroid, which is used to reduce inflammation. It lessens
swelling, itching, and allergic type reactions [22], which may
be caused by alendronate. Acetylsalicylic acid, i.e., aspirin,
is ranked as No 2 by HUNT while No 7 by MUTARA and
No 44 by OPUS ARt. It is possibly prescribed for side ef-
fects like headache or swelling caused by alendronate1. Pan-
toprazole is ranked as No 5 by HUNT while No 18 by MU-
TARA and No 110 by OPUS ARt. It is used to treat gas-
troesophageal reflux, a condition in which backward flow of
acid from the stomach causes heartburn and esophagitis [22],
which may also be caused by alendronate. Lactulose [22] is
ranked as No 6 by HUNT while No 10 by MUTARA and 56
by OPUS ARt. It is a synthetic sugar used to treat constipa-
tion, one of known side effects of alendronate1. Fluticasone is
ranked as No 10 by HUNT while No 8 by MUTARA and No
36 by OPUS ARt. It works by decreasing swelling and irri-
tation in the airways to allow for easier breathing. It may be
prescribed to treat wheeze or breathing difficulties associated
with alendronate1.

Table 4 lists the top 10 drugs unexpectedly prescribed
for older males given atorvastatin. Three drugs (No 1, 4,
and 9) could be hypothesised for treating its side effects. It
can be seen that only 13 (=139-126) atorvastatin users using
dicloxacillin in their reference periods while 126 users start-
ing after taking atorvastatin. Dicloxacillin [22], ranked as No
1 by HUNT, is possibly prescribed for urinary tract infec-
tion, which is possibly induced by atorvastatin2. Similarly,
nizatidine is used to treat/prevent the recurrence of ulcers
and to treat other conditions where the stomach produces
too much acid [22]. It may be prescribed to treat stom-
ach ulcer2. Electrolytes with carbohydrates is used to treat
or prevent dehydration that may occur with diarrhoea [22].
About 89.9%(= 71

79
) of atorvastatin and electrolytes with car-

bohydrates users start taking electrolytes with carbohydrates
after atorvastatin. HUNT gives a high rank to the unex-
pected association between electrolytes with carbohydrates
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Table 2: Unexpected inpatient diagnoses generated by HUNT for older males given alendronate (1027 alen-
dronate users during [672,1465], 101304 nonusers, and N=102331).

Rank based on ICD-9-CM Disease Unexlev supp(
T
↪→ UTAR Leverage supp(

T→ TAR
RR Unexlev Leverage code name (×10−5) C)×N support (×10−5) C)×N support

1 2 11 53081 Esophageal reflux 4.85 402 9 5.82 403 10
2 5 25 —– ——– 3.41 250 6 3.41 250 6
3 6 28 —– ——– 3.15 277 6 3.15 277 6
4 9 33 —– ——– 2.87 106 4 2.87 106 4
5 15 50 —– ——– 2.24 70 3 2.24 70 3
6 14 46 —– ——– 2.29 165 4 2.29 165 4
7 4 13 —– ——– 4.31 358 8 5.27 359 9
8 16 52 —– ——– 2.15 80 3 2.15 80 3
9 17 53 —– ——– 2.12 282 5 2.12 282 5
10 18 55 —– ——– 2.09 86 3 2.09 86 3
· · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · ·
323 11 5 73300 Osteoporosis NOS 2.59 134 4 8.40 140 10

Table 3: Results of HUNT: drugs unexpectedly prescribed for older females given alendronate (5,601 alendronate
users during [672, 1646], 121,962 non-users, and N=127,563).

Rank based on ATC Drug Unexlev supp(
T
↪→ UTAR Leverage supp(

T→ TAR
RR Unexlev Leverage code name C)×N support C)×N support

X 1 12 95 D07AC14 Methylprednisolone aceponate 3.08E-04 1247 94 3.08E-04 1247 94
2 7 44 B01AC06 Acetylsalicylic acid 6.49E-04 3420 233 6.87E-04 3425 238
3 19 119 —– ——– 1.82E-04 542 47 1.82E-04 542 47
4 4 25 —– ——– 1.01E-03 5514 371 1.02E-03 5515 372

X 5 18 110 A02BC02 Pantoprazole 1.86E-04 599 50 2.16E-04 603 54
6 10 56 A06AD11 Lactulose 3.39E-04 1612 114 5.41E-04 1639 141
7 6 32 —– ——– 8.22E-04 595 131 8.51E-04 599 135
8 24 121 —– ——– 1.36E-04 788 52 1.81E-04 794 58
9 15 75 —– ——– 2.39E-04 945 72 4.34E-04 971 98

10 8 36 R03BA05 Fluticasone 5.44E-04 1607 140 7.91E-04 1640 173

and atorvastatin. The possibility that this is attributable
to diarrhoea2, one of known side effects of atorvastatin, could
be very interesting if it can be verified clinically. Dicloxacillin
and nizatidine are also short-listed by MUTARA, but their
ranks by HUNT might be better. In addition, only HUNT
short-lists electrolytes with carbohydrates.

Similar results can be observed in Table 5 for older females
given atorvastatin. Both MUTARA and HUNT short-list di-
cloxacillin. Only HUNT short-lists electrolytes with carbohy-
drates and ipratropium bromide. Ipratropium bromideis used
to prevent difficulty in breathing caused by asthma, bron-
chitis, and other lung diseases [22]. It may be prescribed for
treatment of bronchitis following the use of atorvastatin. For
this stratum, MUTARA short-lists nizatidine [10] but HUNT
misses it.

5. RELATED WORK
Our work is closely related to the problem of mining Tem-

poral Association Rules (TARs) where a consequent and an
antecedent occur together frequently within a temporal con-
straint. For example, Li et al [18] studied TARs during the
time intervals specified by a user-given calendar schema. Lee
et al [16] explored the problem of mining TARs in publica-
tion databases where time intervals rather than timestamps
were used. Harms and Deogun [8] also presented an effi-
cient method for finding frequent TARs in one or more se-
quences that precede the occurrence of patterns in other
sequences. The pairwise UTARs can also be viewed as se-
quential patterns [25, 7, 20] where a collection of event types
occur relatively close to each other in a partial order. Most
of existing temporal data mining techniques concentrate on
finding frequent patterns/itemsets, rather than infrequent

and unexpected ones characteristic of ADRs. Thus, this
work, together with its predecessor [10], complements these
temporal data mining efforts.

Existing association rule mining mainly works on single
market basket database [29] and discovers associations sat-
isfying certain criteria [18], or having the highest preference,
e.g., leverage in OPUS AR [30]. In order to find unexpected
rules of user interest, Wang et al studied to compare dis-
covered rules from data with existing knowledge rules dur-
ing mining procedure [29]. However, in many areas, e.g.,
medicine, knowledge rules are either innumerable or not
available [10]. In contrast, our proposed HUNT algorithm
aims to better exploit data to discover temporal unexpect-
edness implied by data themselves.

Existing research in data mining has made significant ef-
forts in discovering different types of patterns from multi-
ple homogeneous databases [11, 31], such as collective data
mining for global patterns [12] or discovering interesting pat-
terns across multiple databases [11, 32]. Instead of from ho-
mogenous databases, our work shows that valuable patterns
could be discovered when multiple heterogeneous databases
are linked together.

As reviewed in [3], ADR monitoring systems search databases

for ADRs, such as drug
T
↪→symptom, to detect adverse events.

Risk patterns may find specific patient groups with high
risk for a given ADR from health data [17]. Those post-
market ADR detection techniques like PRRs [5], MGPS [6]
and BCPNN [2] perform fruitfully on spontaneous ADR re-
ports [9]. Each spontaneous ADR report describes the pos-
sible association between drugs and conditions mentioned.
Thus, those techniques are unsuitable for signalling ADRs
from multiple administrative health databases.
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Table 4: Results of HUNT: drugs unexpectedly prescribed for older males given atorvastatin (6236 atorvastatin
users during [1114, 1646], 78800 non-users, and N=85036).

Rank based on ATC Drug Unexlev supp(
T
↪→ UTAR Leverage supp(

T→ TAR
RR Unexlev Leverage code name C)×N support C)×N support

1 6 98 J01CF01 Dicloxacillin 6.25E-04 993 126 7.67E-04 1006 139
2 3 46 —– ——– 1.09E-03 1490 202 1.65E-03 1541 253
3 7 103 —– ——– 5.51E-04 466 81 7.25E-04 482 97
4 4 56 A02BA04 Nizatidine 7.39E-04 1461 170 1.40E-03 1522 231
5 9 125 —– ——– 5.01E-04 237 60 5.23E-04 239 62
6 2 24 —– ——– 2.59E-03 2588 410 2.75E-03 2603 425
7 8 90 —– ——– 5.45E-04 1100 127 9.04E-04 1133 160
8 11 109 —– ——– 4.82E-04 586 84 6.68E-04 603 101

X 9 13 126 B05BB02 Electrolytes with carbohydrates 4.30E-04 469 71 5.18E-04 477 79
10 18 150 —– ——– 3.27E-04 139 38 3.27E-04 139 38

Table 5: Results of HUNT: drugs unexpectedly prescribed for older females given atorvastatin (7,480 atorvastatin
users during [1114, 1646], 90,280 non-users, and N=97,760).

Rank based on ATC Drug Unexlev supp(
T
↪→ UTAR Leverage supp(

T→ TAR

RR Unexlev Leverage code name (×10−4) C)×N support C)×N support

1 4 103 —– ——– 4.57 148 56 4.66E-04 149 57
2 5 99 —– ——– 4.03 530 80 4.98E-04 540 90
3 7 129 —– ——– 3.18 117 40 3.27E-04 118 41
4 6 109 —– ——– 3.92 636 87 4.30E-04 640 91
5 3 52 —– ——– 6.37 1551 181 1.18E-03 1609 239
6 10 128 J01CF01 Dicloxacillin 2.63 1036 105 3.29E-04 1043 112
7 16 165 —– ——– 1.67 153 28 1.67E-04 153 28

X 8 15 148 B05BB02 Electrolytes with carbohydrates 1.68 452 51 2.25E-04 458 57
X 9 13 122 R01AX03 Ipratropium bromide 2.09 321 45 3.60E-04 337 61

10 17 158 —– ——– 1.59 228 33 1.97E-04 232 37

6. CONCLUSIONS
Based on our new knowledge representation, Unexpected

Temporal Association Rules (UTARs), we have proposed a
interestingness measure, rankRatio, in the context of sig-
nalling unexpected and infrequent patterns characteristic of
ADRs from multiple administrative health databases. We
have developed a simple but effective mining algorithm HUNT
to identify pairwise UTARs from the linked health data
set, the QLDS. It has short-listed more known ADRs than
MUTARA. It also has short-listed more interesting UTARs
which may suggest these consequent drugs are possibly pre-
scribed for side effects of these antecedent drugs. Consid-
ering data biases and incompleteness in the QLDS, these
shortlists would appear to be quite promising, though they
still require careful validation. Thus, the proposed tech-
niques can help medical experts generate ADR signals more
comprehensively and effectively.

We have only concentrated on highlighting pairwise UTARs
in this paper. However, the proposed mining techniques
can be extended to signal more sophisticated UTARs. Sig-
nalling potential ADRs from multiple administrative health
databases without any prior specification of drug or condi-
tion is also worth further research efforts.
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ABSTRACT
Development of internet and Web have resulted in many distributed
information resources which in general are structurally and seman-
tically heterogeneous even in the same domain. However, hetero-
geneity itself has not been studied in a formal way so that the rep-
resentation of different kinds of heterogeneities can be generically
processed by other programs automatically. Most descriptions and
categorization schemes of heterogeneities were given in languages
specific to different research groups. We believe that efforts in-
vested in a thorough research of heterogeneity can ultimately bene-
fit both data integration and data mining communities. In this paper
we give a brief survey of various ways to categorize heterogene-
ity in the literature, and then performed a case study on detecting
a specific class of heterogeneity in the setting of Semantic Web
ontologies–the one that can be discovered by only data-driven ap-
proaches. Finally we propose an automatic ontology matching sys-
tem that can detect this heterogeneity by using redescription min-
ing techniques. We also believe that automatic ontology matching
process is a helpful step in tasks of mining multiple information
sources in the heterogeneous scenario.

Categories and Subject Descriptors
H.2.8 [Database applications]: Data mining—distributed data min-
ing; I.2.4 [Knowledge Representation Formalism and Methods]:
Ontology; H.3.5 [Information Systems]: Information Storage and
Retrieval—data integration

General Terms
Theory, Design

Keywords
Heterogeneity, Ontology Matching, Redescription Mining

1. INTRODUCTION
In both data integration and data mining communities, problems

that might arise due to heterogeneity of multiple data resources are
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already well known. It is generally agreed to categorize conflicts
between data resources into structural heterogeneity and semantic
heterogeneity [14]. Structural heterogeneity means that different
information sources store their data in different structures (e.g., re-
lational vs. spreadsheet). Semantic heterogeneity considers differ-
ences of the content of data items and their intended meanings. In
most of the distributed data mining (DDM) literatures, the hetero-
geneous scenario is restricted to the case where presumably differ-
ent sets of attributes are defined across distributed databases [23]
as disjoint models; in other words, data in each local site represent
the incomplete knowledge about the complete data set. It is also
termed as vertical data fragmentation [4].

There are significant progresses made by distributed data mining
and information integration researchers in dealing with data hetero-
geneity problems. However, many challenges remain. First, Dif-
ferent research communities have different terms of definition and
their focuses vary as well. Different languages specific to particular
research groups are adopted to describe heterogeneity, which im-
pedes effective knowledge sharing and reuse. In this paper we pro-
pose to use mapping rules in formal language to categorize hetero-
geneity and describe their characteristics. Second, heterogeneity is
hard to discover automatically. Most of the current solution of dis-
tributed data mining and data integration systems require a step of
manual specification of correspondences (matchings) in meta-data
before heterogeneity resolution can be carried out. We propose an
approach in this paper to discover meta-data matchings in a highly
automatic way. We also observe that some kind of heterogeneity
can be detected only by data-driven approaches. In the following
of this paper, the attention is focused on the study of heterogeneity
in the setting of Semantic Web ontologies.

In general, an ontology can be defined as the formal specifi-
cation of a vocabulary of concepts and the relationships among
them in a specific domain. In traditional knowledge engineering
and in emerging Semantic Web research, ontologies play an impor-
tant role in defining the semantics of data. We explore one kind
of heterogeneity in ontologies that can be detected by data-driven
approaches. A motivating example is given below.

Consider the scenario depicted in figure 1. The left (right) graph
shows the structure of the source (target) ontology. The solid tri-
angle connected to a node denotes the content of that node. The
dashed dotted line depicts the matching.

As shown in the figure, Vertebrate can be paired to mammal,
fish, reptile, amphibian and bird respectively. Any matching algo-
rithm that explores the hypernym/hyponym relationship between
the labels can discover these correspondences. However, the more
accurate semantics should be Vertebrate!mammal, fish, reptile,
amphibian, bird. The bi-directional arrow in the above expres-
sion denotes equivalency, meaning the set of Vertebrate contains
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Figure 1: A Motivating Example

no more than the union of mammal, fish, reptile, amphibian and
bird. This cannot be verified unless the data of source and target is
examined. We developed novel methods to fulfil this task by means
of matching discovery based on redescription mining techniques.

Redescription mining is a recently proposed approach for data
mining tasks in domains which exhibit an underlying richness and
diversity of data descriptors [26, 29, 22]. A redescription is a shift-
of-vocabulary, or a different way of communicating information
about a given subset of data. The goal of redescription mining is
to determine the subsets that afford multiple definitions (i.e., de-
scriptions) and to find these definitions, which is uniform with the
objective of ontology matching in terms of relating concepts from
different ontologies defined in the same or similar domains.

Ontology matching research is a discipline that aims at facilitat-
ing interoperability among different systems in Semantic Web and
databases. Some ontology-based information integration systems
have been developed to process ontology/schema matching. A sur-
vey can be found in [28]. Hence the general idea of our proposed
approach is to recast the problem of ontology matching to discover-
ing redescriptions among the named entities, including classes and
properties, in different ontologies.

In terms of redescription, the matching depicted in figure 1 can
be written as:

V ertebrate ! Fish ∪Amphibian ∪Reptile
∪Bird ∪Mammal

This is a complex matching since it involves multiple concepts
with a many-to-many correspondence. In some literature it is also
referred to as mapping since it specifies the relationship among
those concepts in terms of a set theory expression, which can be
easily translated to ontology mappings in terms of other formal lan-
guages such as First-Order Logic rules. In our previous research,
we defined the term “ontology mappings" as formal specifications
of relationships of concepts from different ontologies. Ideally, they
should be executable by software agents to perform tasks such as
data integration/translation and can be used in distributed data min-
ing tasks. We treated the term “ontology matching" as correspon-
dence between concepts, which is less formal than mapping rules.
Matching discovery is the first step to generate the mapping in our
previous work. In this paper, we call the proposed data-driven ap-
proach. a complex matching discovery process.

During our previous work in data mining and data integration,

we have collected a corpus of real data from different domains 1.
A great number of different kinds of heterogeneities have been ob-
served.

Below is an example of how a category of heterogeneity, i.e., the
naming conflicts of concepts, can be captured generally using the
formal ontology mapping rule (in first-order logic form):
∀xP (x) → Q(x);
This rule states that class P in the source ontology is mapped

to class Q in the target ontology, where classes in ontology are
interpreted as unary predicates. For example, P and Q can be in-
stantiated as person and people, which falls into the synonym sub-
category under the naming conflict heterogeneity.

The following rule represents the conflict of property values in
different ontologies by a mathematical transformation of their val-
ues:
∀x, yR(x, y) → R′(x, f(y));
Here the binary predicates R and R′ denote two properties; x

is the class, and y is the value of the property. For example we
can instantiate this rule with R and R′ being age and birth_year–
both are properties of the person class, and the function f means
age = current_year − birth_year.

The rest of the paper is organized as follows. We first introduce
some related work in Section 2 and summarize our preliminary un-
derstanding of heterogeneities based on our and other groups’ pre-
vious work. Then we introduce our framework based on machine
learning and data mining to discover and formally represent the
heterogeneities between ontologies (in terms of complex match-
ing). We text our methods in two case studies reported in Section 4.
We conclude the paper by summarizing our contributions and dis-
cussing the future work in Section 5.

2. RELATED WORKS AND BACKGROUND

2.1 Heterogeneity Categorization
Various ways have been proposed to define different levels of

heterogeneities in the literature. Goh et al[11] identified three main
causes for semantic heterogeneity:

• Confounding conflicts occur when information items seem
to have the same meaning, but differ in reality, e.g. due to
different temporal contexts.

• Scaling conflicts occur when different reference systems are
used to measure a value. Examples are different currencies.

• Naming conflicts occur when naming schemes of informa-
tion differ significantly. A frequent phenomenon is the pres-
ence of homonyms and synonyms.

Noy et al[20] briefly outlined a list of semantic heterogeneity in-
cluding using the same linguistic terms to describe different con-
cepts; using different terms to describe the same concept; using
different modeling paradigms (e.g., using interval logic or points
for temporal representation); using different modeling conventions
and levels of granularity; having ontologies with differing coverage
of the domain, and so on.

Won Kim et al developed a framework[15] for enumerating and
classifying the types of multidatabase system (MDBS) structural
and representational discrepancies. The conflicts in a multidatabase
system were mainly categorized in two cases: schema conflicts and
data conflicts. They concluded that there are two basic causes of
schema conflicts. First is the use of different structures for the same
1http://aimlab.cs.uoregon.edu/benchmark
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information. Second is the use of different specifications for the
same structures. The data conflicts are mainly due to 1) wrong
data violating integrity constraints implicitly or explicitly, and 2)
different representations for the same data.

In [12], Hammer et al proposed a systematic classification of dif-
ferent types of syntactic and semantic heterogeneities, which was
then used to compose queries that make up a benchmark system
for information integration systems. The classification consists of
twelve cases including, for example, synonyms, simple mapping,
union types, and etc.

A comprehensive scheme is proposed in [24]. Pluempitiwiriyawej
et al classified heterogeneities of XML schemas defined in DTD
files into three broad classes:

• Structural conflicts arise when the schema of the sources rep-
resenting related or overlapping data exhibit discrepancies.
Structural conflicts can be detected when comparing the un-
derlying DTDs. The class of structural conflicts includes
generalization conflicts, aggregation conflicts, internal path
discrepancy, missing items, element ordering, constraint and
type mismatch, and naming conflicts between the element
types and attribute names.

• Domain conflicts arise when the semantic of the data sources
that will be integrated exhibit discrepancies. Domain con-
flicts can be detected by looking at the information contained
in the DTDs and using knowledge about the underlying data
domains. The class of domain conflicts includes schematic
discrepancy, scale or unit, precision, and data representation
conflicts.

• Data conflicts refer to discrepancies among similar or related
data values across multiple sources. Data conflicts can only
be detected by comparing the underlying DOCs. The class
of data conflicts includes ID-value, missing data, incorrect
spelling, and naming conflicts between the element contents
and the attribute values.

2.2 Ontology and Ontology Matching
Ontologies, which can be defined as the formal specification of a

vocabulary of concepts and the relationships among them, are play-
ing a key role to define data semantics on the Semantic Web [2]
and various scientific domains, such as biological and medical data
repositories. The general goal of Semantic Web is to make Web
data machine-“understandable", so that web agents can process and
share information automatically. Many publicly available, struc-
turally and semantically rich resources such as databases, XML
data and the Semantic Web data (e.g., RDF data) provide a unique
and challenging opportunity to integrate information in new and
meaningful ways. Research involving the Semantic Web is expe-
riencing huge gains in standardization in that Web Ontology Lan-
guage (OWL [1]) becomes the W3C standard for ontological def-
initions in web documents. OWL ontologies mainly consists of
classes, datatypes and object properties and limited forms of ax-
ioms, such as subsumption, inverse relation, cardinality constraints
of classes or properties. OWL also can be used to describe individ-
ual objects or data instances.

However, it is extremely unreasonable to expect that ontologies
used for similar domains will be few in number [3]. For example, as
the amount of data collected in the fields of Biology and Medicine
grows at an amazing rate, it has become increasingly important to
model and integrate the data with ontologies that are scientifically
meaningful and that facilitate its computational analysis. Hence,
efforts such as the Gene Ontology (GO [10]) in Biology and the

Unified Medical Language System (UMLS [16]) in Medicine have
been developed and have become fundamental to researchers work-
ing in those domains. However, different labs or organizations may
still use different ontologies to describe their data.

Discovering semantic matchings has been one of major tasks
and studied by both Semantic Web and database communities. Re-
search in the Semantic Web has resulted in tools for ontology match-
ing that are absolutely critical in semantic integration (see [20] for
a survey). When two ontologies or two schemas do not have or do
not share any data instances, the most straightforward approach is
to study the similarity of names and structures of ontological con-
cepts or schema attributes. For example, Chimaera [18] provides
a ontology editor to allow user to merge ontologies. It suggests
potential matchings based on the names of classes and properties.
Protégé [21] gives initial ontology alignments by plugging in one
of existing similarity matching algorithms. BMO [13] can generate
block matchings using a hierarchical bipartition algorithm. This
system builds a virtual document for each ontology and compares
each pair of concepts with the information in the virtual document.

If two ontologies share data instances, the most straightforward
way to compare them is to test the intersection of their instance
sets. GLUE [6] is a system that employs multiple machine learn-
ing techniques to semi-automatically discover one-to-one match-
ings between two ontology taxonomies. The idea of the approach
is to calculate the joint distributions of the classes, instead of com-
mitting to a particular definition of similarity. Thus, any particular
similarity measure can be computed as a function over the joint
distributions. iMAP [5] is a system that semi-automatically dis-
covers one-to-one and even complex matchings between relational
database schemas. The idea is to reformulated the matching prob-
lem as a search in a match space.

2.3 Redescription Mining
Redescription mining was first studied in [26]. Ramakrishnan et

al. defined a redescription as a shift-of-vocabulary, or a different
way of communicating information about a given subset of data in-
stances. They also introduced CARTwheels algorithm to exploit the
duality between class partitions and path partitions in an induced
classification tree to model and mine redescriptions. Later in [29],
Zaki and Ramakrishnan proposed an alternative algorithm to mine
all minimal (non-redundant) redescriptions underlying a dataset us-
ing notions of minimal generators of closed itemset. Parida and
Ramakrishnan [22] formally studied the space of redescriptions
underlying a dataset and characterize their intrinsic structure. It
also analyzed when mining redescriptions is feasible and how to
custom-build a mining system for various biases.

In order to perform redescription mining algorithm to match on-
tologies, a universal set of instances of the ontologies should be
specified in advance. This falls under the problem of object recon-
ciliation. Object reconciliation problem is studied for determining
whether two different data instances refer to the same real-world
entity. It is closely related to instance-based matching approaches.
The research in [7] proposed methods to address the reconciliation
problem within the same schema. The algorithm takes three steps.
It first construct the dependency graph based on the taxonomy in-
formation. Every node in the graph consists of one pair of entities
which denotes a potential reconciliation decision. Second, it iter-
atively computes the similarity scores of reconciliation decisions.
The similarity score of one reconciliation decision can both affect
and be affected by the similarity score of its neighbors. The algo-
rithm terminated when a fixed point is reached. Finally, transitive
closure is computed to determine the final reconciliation decisions.

Our work is an extension of redescription mining in ontology
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matching to study heterogeneity. We focus on the scenario that
two ontologies both have data instances and some of them refer
to the same real-world entities. We extend the CARTwheels algo-
rithm to incorporate ontology structure heuristics to guide its search
in the space of redescriptions and to find more complex ontology
matchings rather than one-to-one matchings. We also explore a new
method to reconcile the instances described by different ontologies
so that to generate a universal dataset for our redescription mining
based ontology matching algorithm.

3. SYSTEM FRAMEWORK
Here we present our ontology-based approach using redescrip-

tion mining to detect the specific class of heterogeneity discussed in
sectoin 1. We assume that ontologies of given datasets are obtained
in advance by either human specification or automatic extraction
by machine from (semi-)structured data sources. There are several
approaches proposed to investigate the transformation of relational
schemas to ontologies (see [27, 17, 19]).

The proposed approach generally consists of following steps:
first, parse the OWL document to extract both its the ontology
structural information and data instances; second, perform the ob-
ject reconciliation algorithm to construct a universal dataset; then
perform the extended redescription mining process to discover com-
plex ontology matchings.

We have also developed an ontology parser reported in [8], which
can translate the OWL ontologies to our internal representation
(Web-PDDL) of our ontology-based integration system. It facili-
tates the access and manipulation of the taxonomy information of
the ontologies, and also extracts the instances from the input on-
tologies and prepares them as the input to the object reconciliation
processor. Below we describe in detail about our object reconcilia-
tion and extended redescription mining algorithms.

3.1 Object Reconciliation
In order to perform the redescription mining algorithm to match

ontologies, it is necessary to determine a universal set of data ob-
jects. To fulfil this objective, we must be able to compare ontology
instances with each other and decide if they represent the same real
world objects. Note that it is not guaranteed for the instances in
different ontologies to be overlapping. For example, personnel on-
tologies used by different institutions may have totally different in-
stances. Redescription mining is not directly suitable for matching
tasks in such situations. Hence the existence of a set of equiva-
lent instances will serve as the basic assumption in the proposed
approach.

One possible approach to establish equivalence between two ob-
jects is to make use of a so-called correspondence function [9]:
given two objects as input, the correspondence function determines
the degree of equivalence between the two. However, it is very hard
to design such a correspondence function since matchings between
the ontologies that describe the data objects are yet unknown, thus
compromising the comparison of objects in the elaborate level of
granularity. We propose to address this problem by using machine
learning techniques that implicitly incorporate ontology structure
information and achieve satisfactory result with even very simple
correspondence function.

Consider finding the overlapping instances in ontology O1 and
O2 in Figure 2, specifically, the overlapping instances of the sets
{t1, t2, t3, t4, t5, t6} and {s1, s2, s3, s4, s5, s6}. Instead of apply-
ing the correspondence function directly to all instances in differ-
ent ontologies as shown in Figure 3, we propose a way to partion
instances into sub-groups and apply the correspondence function
to the instances in the related sub-groups. We first train a learner

X 1

X 2 X 3

X 4 X 5

Y 1

Y 2 Y 3

Y 5 Y 6

Y 4

t5 ,  t6

t1 ,  t2 t3 ,  t4 s 1 ,  s 2 s 3 ,  s 4

s 5 ,  s 6

O 1 O 2

Figure 2: Two taxonomies of different ontologies.
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s 3
s 4
s 5
s 6

Figure 3: Applying the correspondence function directly to the
instances of two ontologies.

based on the instances of O1 with the target label being the classes
in O1, namely, X1, X2, X3, X4 and X5; then we apply the learned
model to predict the class labels of the instances in O2. This pro-
cess partitions the instances in O2 according to O1. Finally, the cor-
respondence function is applied between all the pairs of instances
in the groups that have the same class label, as shown in Figure 4,
supposing s3 and s4 are predicted to belong to class X4 in O1 (the
predicted class is denoted by X ′

4 in the figure), and so forth.
In our implementation of the first test case described in detail in

the experiment section, we used a simple string similarity measure
as the correspondence function. Specifically, we treated the content
of the instances in a bag-of-word representation. The classification
process is essentially a text categorization process.

t 1
t 2

s 3
s 4

X 4 X 4 ’

t 3
t 4

s 1
s 2

X 5 X 5 ’

t 5
t 6

s 5
s 6

X 3 X 3 ’

Figure 4: Applying the correspondence function to the related
subsets of instances.
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3.2 Incorporating Ontological Constraints and
Heuristics in Redescription Mining

We extend the CARTwheels algorithm introduced in [26] to gen-
erate redescriptions for ontologies. The idea of CARTwheels is to
search the space of possible set-theoretic expressions by growing
two trees in opposite directions, so that they are matched at the
leaves. The decision conditions in the first tree are based on set
membership checks in entries from X and the bottom tree is based
on membership checks in entries from Y , thus matchings of leaves
corresponds to a potential redescription. The top tree is then re-
moved and a new tree is grown to match the bottom tree in the sim-
ilar manner. This process keeps iterating with new redescriptions
mined along the way.

The search process is driven by maintaining entropy in the pro-
cess of generating classification trees as opposed to traditional tree
induction which is motivated at reducing entropy. The stop crite-
rion for the search is a tunable parameter n in the algorithm that
controls the number of unsuccessful consecutive alternations. It is
possible that the CARTwheels stops alternations prematurely be-
fore some interesting redescriptions are found due to the improper
value n or just takes too long to reach convergence before the in-
teresting redescriptions are mined. In order to overcome this dis-
advantage, we propose to incorporate the semantic relationships
between the given descriptors (i.e., classes in given ontologies) as
heuristics to guide the exploration. We name the extended algo-
rithm Onto-CART in this paper.

Examples of the heuristics that can be used in the approach in-
clude:

• H1: It’s likely to find redescriptions at the parent level of the
class nodes where redescriptions are found.

• H2: It’s likely to find redescriptions among the siblings of
the class nodes where redescriptions are found.

• H3: It’s likely to find redescriptions at the child level of the
class nodes where redescriptions are found.

Besides, we also introduce the heuristic for property matching after
obtaining class level matchings:

• H*: Properties are likely to match if their classes are matched.

Suppose after applying the object reconciliation process to the
ontologies O1 and O2 which have the taxonomies as depicted in
Figure 2, we obtain the universal set D = {d1,d2,d3,d4}, as shown
in Table 1.

object Y1 Y2 Y3 Y4 Y5 Y6 class
d1

√ × × √ × √
X1

d2 × × √ × √ × X4

d3 × √ × × √ × X3

d4
√ × √ × √ √

X5

Table 1: Datasets in initialization

Here, the set X corresponds to the set of descriptors (i.e., classes)
{X1,X2,X3,X4,X5} from the O1 ontology and Y corresponds to
{Y1,Y2,Y3,Y4,Y5, Y6} from O2. We start to initialize the algorithm
by preparing a dataset derived from X , Y and D for the classifi-
cation tree induction. The details of how to generate the dataset
can be found at [26]. The idea is to correspond the entries to the
objects (i.e. value of a boolean feature are determined by whether
the object is described by the descriptor); the boolean features are
derived from one of X or Y , and the classes are derived from the

other. Table 1 illustrates the the dataset for the first alternation in
Onto-CART.

A classification tree can now be grown from the initial dataset.
The paths of the tree induce partitions to the original dataset. We
then prepare another dataset with X as the features and the parti-
tions found as the classes. The second tree matches at the leaves
with the first tree and produces redescriptions according to the cor-
responding partitions “read off" along the matched paths.

Algorithm 1 Alternation Process in Onto-CART Algorithm
Input: objects D, descriptor sets {Xi},{Yi}
Output: redescriptions R

Parameters and Initialization:
θ, d, ρ, η
set answer set R = {}
Alternation:
while (count < η) do

if Rnew!={} then
for each r in mathcalRnew do

{D′,X ′
i ,Y ′

i }=get_siblings(r)
Onto-CART(D′,X ′

i ,Y ′
i )

{D′,X ′
i ,Y ′

i }=get_parents(r)
Onto-CART(D′,X ′

i ,Y ′
i )

{D′,X ′
i ,Y ′

i }=get_children(r)
Onto-CART(D′,X ′

i ,Y ′
i )

end for
end if
G = {Xi}
F = G
if flag=false then
{Xi} = G;G = {Yi}

else
Yi = {G};G = {Xi}

end if
D=construct_dataset(O,F , C)
t=construct_tree(D, d)
if all leaves in t have same class c ∈ C then

set l = random leaf in t having non-zero entropy
impurify(t, l)

end if
Rnew = eval(t, θ)
if Rnew = {} then

count=count+1
else

count=0
for eachc ∈ C do

if c is involved in some r ∈ R_new
H=descriptors(c)
for each descriptor g ∈ G ∩H do

increase g’s class participation count
if g’s class participation count > ρ
remove g from G

end for
end for

end if
G = R∪Rnew; flag = ¬(flag)
C=paths_to_classes(t)

end while

Note that the classification tree is generated by maintaining en-
tropy in some form, since impurity drives exploration. This is
where we incorporate ontological heuristics to guide the explo-
ration in order to avoid randomicity and unproductive termination.
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Specifically, for each redescription r obtained from the last alter-
nation, we construct the new dataset using X ′ and Y ′, which are
subsets of X and Y that reside in the same level as the descriptors
participated in r, together with the objects D′ described by X ′ and
Y ′.

We then recursively invoke Onto-CART with X ′, Y ′ and D′ be-
ing the input. Similarly, we build datasets for the descriptors in the
parent, children class and property levels of the descriptors in r and
perform Onto-CART recursively on them. The pseudo-code of the
alternation process of Onto-CART is given in Algorithm 1, where
θ is the Jaccard’s coefficient; d is the depth of trees; ρ is the number
of class participation allowed; and η is the max number of consec-
utive unsuccessful alternation. Functions such as construct_tree,
impurify, and paths_to_classes and the initialization process of the
algorithm are described in detail in [26].

4. EXPERIMENT

Figure 5: Segment of Bibliographic Ontology 101.

We first evaluate our system on the synthetic ontologies (ontol-
ogy 101 and 201) from the EON ontology alignment test dataset 2.
both of them are equipped with data instances. Ontology 101 is the
baseline ontology for the domain of Bibliographic references. On-
tology 201 is a mirror ontology that has exactly the same structure
as 101 but with each label or identifier’s name (name of classes and
properties) replaced by a pseudo one (random string). So a matcher
based only on the naming similarity at the meta-data level will not
work at all in this scenario. Figure 5 shows a part of the bibliogra-
phy ontology 101.

This test case contains only the naming conflict heterogeneity.
Our system can still detect it by establishing one-to-one matchings
among the concepts.

The object reconciliation processor uses an SVM learner and
produces all 53 correct reconciliation decisions. The reason it achieves
such high accuracy is that the instances of ontology 201 highly re-
semble those of ontology 101 in a bag-of-word representation. The
Onto-CART generate 26 matchings. Together with the matchings
that are inferred based on Onto-CART’s decision using domain-
independent constraints such as “two class nodes match if their
children also match" and “two property nodes match if the classes
2http://oaei.ontologymatching.org/2004/
Contest/#101

or the characteristics of datatype they link also match," the total
number of generated matching sums up to 70. There are actually
91 mappings specified manually by human. The reason why our
system did not produce the complete matching result is due to the
lack of training data; some of the classes have no instances at all.

The second test is conducted on the People Ontology 3 from
UMD and the Person & Employee Ontology 4 from CMU. Fig-
ure 6 shows part of the two ontologies. We crafted the ontologies
a bit by adding a “College" class with one “Course" property as
the subclass of “Organization" to the UMD ontology (on the left
side), and add a “University" class with two properties “Undergrad-
uate_course" and “Graduate_course" to the CMU ontology (on the
right side). We manually generated instances for the ontologies.
Our system produced 9 matchings as depicted in dotted line in Fig-
ure 6 including one complex matching represented by the following
redescription:

Course ! Undergraduate_course ∪Graduate_course

This can be also represented in the following FOL form as mapping
rules:

∀x Course(x) → Undergraduate_course(x);
∨Graduate_course(x)

∀x Graduate_course(x) → Course(x);
∀x Undergraduate_course(x) → Course(x).

To our knowledge, very few of the existing matching system can
automatically generate such kind of matchings involving equiva-
lence relationship between union of concepts. This matching result
also shows that it successfully captures the specific heterogeneity
that we propose to study.

5. CONCLUSION AND RESEARCH DIREC-
TIONS

We present in this paper an automatic and considerably accurate
framework for discovering complex ontology matching in order to
understand heterogeneity problem. The heterogeneity problem is
essential in both distributed data mining and data integration re-
search communities. We also try to formally represent the discov-
ered heterogeneities in formal language, which we believe to be
reusable by other DDM or data integration systems.

Our main contributions are:

• An attempt to represent heterogeneity in formal language.
Our approach is capable to discover and formally represent
complex many-to-many matchings, especially unions and in-
tersections, thus being able to capture more complex seman-
tic heterogeneities while most of the other works focus on
finding one-to-one or group-to-group matchings.

• We performed a case study on detecting a specific class of
heterogeneity in ontologies–the one that can be discovered
by only data-driven approaches.

• We extended the redescription algorithm, Onto-CART, by in-
corporating the use of ontology structure information. Var-
ious constraints and heuristics involving semantic relation-
ships are explored.

• The exploration of machine learning techniques for object
reconciliation by discovering overlapping instances in differ-

3http://www.cs.umd.edu/projects/plus/DAML/
onts/personal1.0.daml
4http://www.daml.ri.cmu.edu/ont/homework/
atlas-cmu.daml
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Figure 6: UMD and CMU person ontologies.

ent ontologies, and thus enabling the construction of a uni-
versal reconciled dataset for further mining algorithms.

In the future work, we plan to extensively explore the spectrum
of heterogeneities with more real-world data from different do-
mains stored in relational databases, XML documents or spread-
sheets. We will further study the formal methodology to represent
and categorize data heterogeneities and continue to develop algo-
rithms to automatically resolve heterogeneity. We also plan to dis-
cover ontology matchings by combining the conceptual level and
instance level approach in an effective and efficient manner. In our
future work, there are mainly several challenges that need to be
addressed:

• One big difficulty for the ontology matching system that adopts
instance level approach is the orthogonality of data. If there
are no overlapping instances supplied by the ontologies un-
der consideration, it will be very hard to perform mining al-
gorithms. What are the more intrinsic characteristics of data
and how to study them effectively deserve further study.

• Not all data heterogeneities can be represented in formal lan-
guage as mappings or the expressions with set theories. On
the other hand, even with sophisticated design, it is hard to
get 100% accurate mappings without human involvement.
Each mapping may have some associated probabilistic val-
ues. Similar to what we have reported in [25], the mapping
rules discovered by inductive logic programming have accu-
racy for each rule.

• Although we argue that formal mappings rules can be used

by DDM or data integration systems because the rules are
machine processable, it is an open question whether existing
DDM or data integration systems can process all discovered
data heterogeneities. We may need to design different DDM
or data integration algorithms for different kinds of hetero-
geneities.

• Besides the existing repositories that contain heterogeneous
data, it is hard to find appropriate datasets for the purpose of
testing and benchmarking the performance of systems that
designed to detect and resolve heterogeneity. Most of the
repositories do not have golden standards for heterogeneity
resolution.

On the other hand, the existing data repository (e.g., our col-
lected data5) has only limited resources so that only a subset
of heterogeneities is exhibited in the data. For some specific
study in DDM or data integration, researchers may require
different kinds of combinations of heterogeneities, which is
not easily satisfied by any existing datasets. A benchmark
system with the capability to automatic generate synthetic
data according to user’s demand of certain heterogeneities
will be very helpful.
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ABSTRACT
The decision tree-based classification is a popular approach for pat-
tern recognition and data mining. Most decision tree induction
methods assume training data being present at one central loca-
tion. Given the growth in distributed databases at geographically
dispersed locations, the methods for decision tree induction in dis-
tributed settings are gaining importance. This paper describes one
such method that generates compact trees using multifeature splits
in place of single feature split decision trees generated bymost ex-
isting methods for distributed data. Our method is based on Fisher’s
linear discriminant function, and is capable of dealing with multi-
ple classes in the data. For homogeneously distributed data, the
decision trees produced by our method are identical to decision
trees generated using the Fisher’s linear discriminant function with
centrally stored data. For heterogeneously distributed data, a cer-
tain approximation is involved with a small change in performance
with respect to the tree generated with centrally stored data. Exper-
imental results for several well known data sets are presented and
compared with decision trees generated using the Fisher’s linear
discriminant function with centrally stored data.

Categories and Subject Descriptors
I.5 [Computing Methodologies]: PATTERN RECOGNITION

General Terms
Algorithms, Performance

1. INTRODUCTION
The decision tree-based classification is a popular approach for

pattern recognition and data mining. Methods for the induction of
decision trees have been studied for past several decades. Once
built, a decision tree can be used to classify previously unseen in-
stances of patterns or to characterize patterns of different classes in
the form of rules to constitute a knowledge base for decisionsup-

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
MMIS ’08, August 24, 2008, Las Vegas, Nevada, USA.
Copyright 2008 ACM 978-1-60558-273-3 ...$5.00.

port. The decision tree methodology has been applied to numerous
applications in different domains. A comprehensive survey of de-
cision tree induction methods from multiple disciplines and their
applications is provided by Murthy[12]. Almost all methodsre-
viewed in this survey are based on the assumption that the training
data for building the decision tree is present at one centralsite.

With increasing globalization of businesses, advances in technol-
ogy, and increasing concerns about the loss of privacy due todata
mining, the interest in data mining methods that can operatein a
distributed data environment has been growing. While it is always
possible to move data to one central location for mining, thecosts
for such a move can be high. Consequently, methods for decision
tree induction in a distributed data environment without large scale
movement of data have started receiving attention. A distributed
data environment can be homogeneous or heterogeneous. In a ho-
mogeneous environment, different sites record similar information
albeit for different objects. The distributed data in such situations
is also termed as horizontally partitioned data. In a heterogeneous
environment, all sites record information for the same set of objects
albeit different aspects of the information. Such data is referred as
vertically partitioned data. Of course in reality, data maybe both
horizontally and vertically partitioned.

Two basic approaches to distributed decision tree induction are
possible. One approach is to have an ensemble of decision trees
with each data site contributing its own local decision treeto the
ensemble. Examples of some popular ensemble methods are boost-
ing, bagging, and random forests. Any of these methods can be
employed in a distributed environment. One problem with ensem-
ble approach is the difficulty of converting the ensemble decision
to rules to form a knowledge base. Another drawback is that it
applies only to the horizontally partitioned data scenario. A novel
work in this type of approach is the orthogonal decision trees due
to Kargupta et al [10] where the Fourier transformation of trees is
used to combine them to arrive at a final decision tree. The other
approach to distributed decision tree induction is to develop only
one single decision tree by organizing the computation for atra-
ditional decision tree induction method at one site in such away
that traffic between different data sites is minimized. The result-
ing decision tree then can be used by each site independentlyif so
desired. This approach is applicable to both the horizontally and
the vertically partitioned data scenarios. Furthermore, the resulting
single decision tree is useful for a knowledge base across the entire
enterprise. Examples of this approach are exemplified by theworks
described in [5][2]. In both cases, single feature decisiontrees are
built for discrete features using entropy or Gini index as splitting
criteria. Since building single feature decision trees with discrete
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features needs only different counts to evaluate different features as
potential split candidates, the extension to the distributed data en-
vironment is achieved easily. These methods are, however, difficult
to extend even to single feature decision trees when data consists
of continuous features. In such situations, choosing a split requires
searching through potential cutoff values across different features.
Thus, there does not appear any efficient method of computation
with distributed data that can deal with continuous features.

In this paper, we suggest a method for decision tree induction in
a distributed environment. Our method is based on Fisher’s linear
discriminant function [7] to generate multifeature splitsfor deci-
sion tree nodes. Since Fisher’s discriminant function is meant for
two class problems, we suggest a method to extend it to multiclass
problems. For homogeneously distributed data, the decision trees
produced by our method are identical to decision trees generated
using the Fisher’s linear discriminant function with centrally stored
data. For heterogeneously distributed data, a certain approximation
is involved with a small change in performance with respect to the
tree generated with centrally stored data. The organization of the
paper is as follows. Section 2 reviews some related work. Section 3
discusses distributed fisher’s linear discriminant and shows differ-
ent relationships in the partitioned data that are used for building
the decision tree in a distributed environment. Section 4 discusses
extension to multiple classes by clustering classes into two super
classes. Section 5 presents the final algorithm followed by experi-
mental results in Section 6. Finally a summary of the work is pro-
vided in Section 7.

2. RELATED WORK
The most common approach for building a decision tree clas-

sifier in a distributed setting uses the tree aggregation technique
which combines the locally trained classifiers into a singledecision
tree. Researchers have suggested numerous tree ensebling tech-
niques. Lazarevic et al[11] suggested a distributed boosting algo-
rithm for homogeneously distributed data which combines the lo-
cal classifiers into a weighted voting ensemble on each disjoint data
set. Prodromidis et al[14] proposed a distributed meta-learning en-
vironment, in which the local classifiers are transfered to acen-
tral site. The predictions of local classifiers on the central data is
used to form the training set for meta learner. Finally an arbiter or
combiner is used to determine the final classification results. In a
different work, Park et al[13] proposed a decision tree method for
heterogeneously partitioned data. He combined the boosting and
tree ensemble techniques where a measure was defined to select
misclassified instances to train decision trees. Finally a Fourier
transformation based method is used to ensemble decision trees
from local data sites. Caragea et al[4][5] proposed a different ap-
proach for distributed learning. He decomposed the learning tasks
into two components; (1) hypothesis generation and (2) informa-
tion extraction. The information extraction part is extended to dis-
tributed environment while the hypothesis generation partis kept
central. The information extracted by the information extractors
is fed to the hypothesis generator. As long as the information ex-
tracted is the same in distributed and centralized settings, the hy-
pothesis generator produces the same hypothesis. Hence their dis-
tributed algorithms are apodictic to their centralized counterpart,
which is termed exact distributed learning. Caragea suggested the
distributed information extraction based on sufficient statistics. He
further demonstrated applicability of his approach on decision tree
induction for both horizontally and vertically partitioned data. A
slight extension of Caragea’s work is also found in [4], where he
addressed the issue of counting examples from heterogeneous and
autonomous data sources by the query system INDUS[6]. These

approaches generate single feature decision trees which are more
appropriate for categorical features rather then numerical features.

Giannella et al[8] proposed a method for decision tree induc-
tion for a heterogeneous environment. His method uses the feature
splitting criteria which tries to reduce the coordination cost for de-
termining instances of current tree node. Instead of keeping a copy
of node assignment at the local site, the algorithm tries to determine
the tree node instances when it is to be split. The procedure is based
on the dot product of binary vectors which are node assignment in-
dicators of different sites. To reduce the communication cost of the
binary vectors, a random projection method is used to reducetheir
dimensionality. The information loss caused by the random projec-
tion is also analyzed. Baik et al[1] suggested a different method for
reducing the intra node communication. He proposed encoding of
node assignment bit vectors. Both these approaches also generates
a single feature split decision trees.

Bar-Or et al[2] suggested a distributed decision tree algorithm
for data sites organized in a hierarchical structure. Such structure
moves the information through a path from the leaf data site to the
root data site. In principle, this algorithm is more suitable for hor-
izontally partitioned data. The method defines the lower andupper
bound of the gain function which is further used to efficiently col-
lect gain values using the hierarchical structure. Their approach is
suitable for any high dimension data, provided that the correlations
in it are sparse.

3. DISTRIBUTED DECISION TREE INDUC-
TION USING FISHER’S LINEAR DISCRIM-
INANT

Decision Tree is among the most important non-parametric tech-
nique for building classifiers. Decision tree algorithms such as
C4.5[15] or CART[3] have attracted many researchers because its
ability to provide intuitive interpretations. The standard decision
tree build process follows a top-down divide and conquer tech-
nique, in which the induction starts with a root node containing all
data. The tree nodes are then recursively partitioned untila stop-
ping condition is satisfied. Early decision tree induction methods
followed a single feature split technique. In this technique, one
feature with the greatest gain function value is picked for split-
ting the tree. Single feature split decision trees could grow very
large leading to suboptimal accuracy. Multifeature decision tree
induction techniques are introduced to overcome the size and per-
formance issues. The later technique splits the data using combi-
nation of features. If the combination criterion is linear,the tree
is called linear discriminant tree. One method to determinethe
feature combination coefficients is using perceptron learning[16].
Another method is to use Fisher’s Linear Discriminant(FLD)[7] as
suggested in [17].

3.1 Fisher’s Linear Discriminant(FLD)
Fisher’s Linear Discriminant aims at finding the projectionvec-

tor W(combination coefficient vector) such that the projection of
the original data has the best discriminant ability. Given aset of
augmented training vectors,{X1,X2, ...,Xn}, from two classesC1

andC2, FLD tries to determineW such that it maximizes -

W = max
W

WT (m1 −m2)(m1 −m2)TW
WT (S1 + S2)W

, (1)

wheremi andSi are the mean and the scatter matrix of classi re-
spectively. The solution of Eq.1 can be represented as -

W = (S1 + S2)
−1(m1 −m2). (2)
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Assuming the projection of each class to be one dimensional Gaus-
sian, the splitting threshold can be easily computed using the joint
point,W0, of two Gaussian Probability Distribution Functions(PDFs).
One well known issue with FLD is possible singularity of (S1+S2),
making it difficult to obtained its inverse. This difficulty is often
triggered by mismatch between number of data point instances with
respect to its dimensionality. Principle Component Analysis(PCA)
is used as one common practice to overcome this problem. Specifi-
cally, PCA is used to reduce the dimensionality of input databefore
FLD is applied. It should be noted that FLD is more suitable for
numerical data, although the non-numeric data can also be trained
to generate a decision tree using suitable preprocessing (data trans-
formation) technique.

3.2 Statistics Required by FLD
The decision tree algorithm proposed in this paper is based on

performing FLD in a distributed environment. As established in the
subsection3.1, this requires computation of class means and scat-
ters and thereby computing the projection vector that separates the
two classes of data. In this section we establish the theoretical foun-
dation to compute the class means and scatters in a homogeneous
and heterogeneous distributed environment. Without loss general-
ity, we consider the case of two data sites. Lets further consider
one of these two sites to be a coordinating or a master site which
also contains one partition of the data. Hence the datasetDn×d, is
divided among two sites, consider these to beX andY. Lets define
few terms which are central to our algorithm.

• Global Mean(m):Represents the mean of the total dataset.

• Global Scatter(S ):Represents the scatter (covariance) of the
total dataset.

• Global Class Mean(mi ): Represents the mean of the data be-
longing to classi.

• Global Class Scatter(Si): Represents the scatter (covariance)
of the data belonging to classi.

• Local Class Mean(mi, j ): Represents the mean of the data be-
longing to classi available at sitej.

• Local Class Scatter(Si, j ): Represents the scatter (covariance)
of the data belonging to classi available at sitej.

Table.1 summarize the denotations of these different statistics. In

Statistics Global Global Local
Statistics Class Statistics Class Statistics

mean m mi mi, j

scatter S Si Si, j

Table 1: Statistics Required by FLD in Distributed Settings

the following subsection we introduce the theoretical foundation to
compute these statistics in a homogeneously and heterogeneously
partitioned data.

3.2.1 Computing FLD Statistics in Homogeneous Set-
ting

Consider dataDn×d being homogeneously partitioned between
two sites. LetX andY be the data partitions ofd dimensions where

n = nX + nY, Dn×d =

[

X
Y

]

. Given this distribution we can easily

compute class mean(mi ) and global mean(m) as -

mi, j =

∑

i, j
Xi, j

ni, j
(3)

mi =

∑

j
mi, jni, j

∑

j
ni, j

(4)

m=

∑

i
mini

∑

i
ni

(5)

Eq.4 and Eq.5 are computed at the master site. The communication
cost for transferringmi, j andni, j in the distributed environment of
K sites isO(KCd) whereC is the number of classes. AssumingD
being zero mean, which can be achieved by shifting all the data by
its global mean, the scatter ofD can be calculated as -

SD =

[

X
Y

]T [
X
Y

]

(6)

=
[

XT X + YTY
]

= SX + SY

Generalizing Eq6 toK sites leads us to the solution -

Si =
∑

j

Si, j (7)

S =
k
∑

i=0

Si (8)

The communication cost for transferringSi, j in an environment of
K sites isO(KCd2). Assumingd << n, K << n, andC << n, the
total communication costKCd2

<< nd.

3.2.2 Computing FLD Statistics in a Heterogeneous
Setting

It is conceivable that distributed data is not always partitioned
homogeneously (data split by samples). Many situations necessi-
tates data split by its dimensionality. Such distribution is also refer-
eed as vertical or heterogeneous data partitioning. LetX andY be
the data partitions with the conditiond = dX + dY. The data matrix
D is denoted byD =

[

X Y
]

. Again, without loss of generality we
can compute the means as -

mi =
[

mi,1mi,2...mi,K
]

(9)

m=

∑

i
mini

∑

i
ni

(10)

Again assumingD be the zero mean dataset, we can compute
scatter as -

SD =
[

X Y
]T [

X Y
]

(11)

=

[

XT X XTY
YTX YTY

]

=

[

SX XTY
YTX SY

]

.

To calculate the nonlocal(off diagonal) items in Eq.11, one of the
data partitions needs to be transferred to the master site, which is
undesirable. HenceSD has to be approximated. We can accomplish
this in two ways which are both based on approximating original
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data using truncated singular value decomposition(SVD)[9]. As-
sume dataX needs to be transferred to whereY is located. We can
factorizeX to its singular values as -

X = UΣV = U1Σ1,1VT
1 + ... + UdXΣdX ,dX VT

dX
, (12)

where the matrixV(right eigen vector matrix) contains a set of or-
thonormal input or the basis vector directions forX, the matrix
U(left eigen vector matrix) contains a set of orthonormal output
basis vector directions forX, and the matrixΣ contains the singular
values. The singular values are also considered scalar gaincon-
trols. The first item in the expansion, the basis vector directions for
X, contains the most information ofX, we can useU1Σ1,1VT

1 only
to approximateX, denoted byX̂ = U1Σ1,1VT

1 .
Our first method approximatingSD aims computing as many ex-

act entries( entries with the same values inSD and its approxima-
tion) as possible. Hence the sub-matricesXTY andYTX are respec-
tively approximated byX̂TY andYT X̂ while SX is an exact entry
computed byV ∗ΣT ∗Σ ∗V. This approximation requires transmis-
sion of onlyU1, Σ, andV, keeping the communication cost down to
O(n+ d2) for two sites environment. Thus for an environment ofK
sites, the cost is scaled toO(Kn+Kd2), orO(Kn) whend << n. The
approximation ofXTY andYTX loses some information. The lose
of information may lead to drop in overall classifier performance,
which can be addressed by transferring more than 1, sayp, vectors
from U. The cost of communication then would beO(Kpn). The
second method is based on approximating the entire dataset.In this
method, every local site performs SVD on locally stored dataand
sends its ownU1, Σ, andV to the master site. The master site then
forms an approximation of the original dataset, and computes the
scatter in a centralized manner. The difference of this method is
that only local items are exact entries inSD, e.g, SX will be re-
placed with its approximation. Ironically, both techniques have the
same communication cost model.

The information transfer in method 1 can be done in a serial or
parallel manner. In the serial approach, every site needs storage
space for the information from the previous site only. However in
method 2, the master site needs storage space to hold information
from all local sites. On the contrary, method 2 requires one time
information transfer during the whole tree induction process while
method 1 requires information transfer for every tree node split.
The implementation implication is the trade-off between space and
transmission.

4. MULTICLASS CLASSIFICATION USING
HIERARCHICAL SUPER CLASSING

The Fisher’s Linear Discriminant algorithm was originallypro-
posed for a two class problem. Over these years, researchershave
proposed numerous FLD extensions to solve the multiclass prob-
lems. For example, the authors of [17] have suggested the use
of exchange method for reducing multiclass problems to two-class
problems. However the exchange method does not fit well for a
distributed environment. To cope with multiclass problems, we
propose use of hierarchical structuring of the data and apply tradi-
tional class method on this pre-organized data. Our solution keeps
the problem formation simple in a distributed environment.The
hierarchical structuring orders the data to transform the multiclass
problem to a two class problem. We generate this hierarchy byes-
timating two super classes. This is accomplished by hierarchically
clustering the class means at the master site. The super class assign-
ment is then sent to each local sites to get the statistics of the super
classes. The super class means and scatters are obtained using the
process outlined in previous section using Eq.3 and Eq.7. One is-
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Figure 1: Induction of Distributed Multifeature Decision Tree

sue of the super class generation is what class mean to use. The
class mean can be computed in the original space, in the full scale
principle component space, or in the reduced principle component
space. We performed the experiment using each to evaluate the
difference in classifier performance. Our empirical study did not
observe significant performance difference between each method.
The experiment results reported in this paper uses the classmeans
in the full scale principle component space.

In short, Principal Component Analysis, Hierarchical Super Class-
ing, and Fisher’s Linear Discriminant constitute three keycompo-
nents of our algorithm. These three steps are carried out iteratively
in the following manner -

1 Compute PCA to gets a full scale eigen vector matrix.

2 Calculate Global class means in the eigen vector space.

3 Generate Super classes using the class means from step [2].

4 Compute Super class means and scatters(Ssc1,Ssc2).

5 Asses the singularity ofSsc1 + Ssc2.

6 Remove the least significant eigen vector and repeat step 4
and 5, if assessed close to singular; otherwise performance
FLD to compute projection vectorW.

It shall be noted that the repetition of step 4 does not require extra
communication. It is performed by removing certain vectorsfrom
the means and scatters.

5. INDUCTION OF DISTRIBUTED MULTI-
FEATURE DECISION TREE(DMDT)

The generalized Distributed Multifeature Decision Tree solution
is depicted in Figure 1. Consider the data, containingL classes, be-
ing distributed amongK sites denoted asLS1, LS2, ..., LSk. Let us
denote the central or master site to beMS. Although our algorithm
specifically suggest separate master site, it is equally applicable in
a peer to peer setting where there is no functional coordinator. In
such situation, any one of the local site can fulfill this rolemaster
site. Clearly, each participating site is responsible for computing its
local class means (mi, j ) and local class scatter (Si, j). Furthermore,
the local sites are also responsible for maintaining the decision tree.
The master site is responsible for performing PCA, dividingthe
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data among super classes, and computing the projection plane us-
ing the FLD. Following pseudo code captures the steps involved in
induction of a multifeature decision tree in a distributed environ-
ment. For completeness, we outline three pseudo code algorithms,
one for homogeneous and two for heterogeneous data distributions.
The use of→ signifies the data transmission direction.

Algorithm 1 DMDT in Homogeneous Environment
1: ∀ j ∈ K and∀i ∈ L, Compute(mi, j ,ni, j )→ MS
2: LS j ← Compute(m)
3: Compute(Si, j )→ MS
4: Compute(S) @ MS
5: PCA@ MS
6: LS j ← GenerateSuperclass(S C1,S C2)
7: LS j ← Compute(msc1 ,msc2)
8: Compute(Ssc1, j ,Ssc2, j )→ MS
9: Compute(Ssc1 ,Ssc1) @ MS

10: while Singular(Ssc1 + Ssc2) do
11: Remove the least significant principle component.
12: end while
13: FLD @ MS
14: LS j ← (W, W0)

Please note that the transmission ofm to LS j can be saved in im-
plementation as the global data can be made zero mean by making
each local dataset zero mean. The two algorithms for the hetero-
geneous environment correspond to the two approximation solu-
tions described in section 3.2. The first pseudo code describes the
computation steps carried out at each non-leaf tree node, while the
second piece of pseudo code describes the tree induction process.

Algorithm 2 DMDT in Heterogeneous Environment 1
1: ∀ j ∈ K and∀i ∈ L, Compute(mi, j ,ni, j )→ MS
2: ∀ j ∈ K, S VD(U1...p, j ,Σ j ,Vj)→ MS
3: Compute(mi , S) @ MS
4: PCA@ MS
5: GenerateSuperclass(S C1, S C2) @ MS
6: Compute(msc1, msc2, Ssc1, Ssc2) @ MS
7: while Singular(Ssc1 + Ssc2) do
8: Remove the least significant principle component.
9: end while

10: FLD @ MS
11: LS j ← (W, W0)

Algorithm 3 DMDT in Heterogeneous Environment 2
1: ∀ j ∈ K, S VD(U1...p, j ,Σ j ,Vj)→ MS
2: ∀ j ∈ K, Compute(U1...p, j ∗ Σ j ∗ Vj) @ MS
3: Compute(FLDT) @ MS

Once the tree induction process is complete, we perform the clas-
sification to assess the performance of our classifier. Classification
of the new instance for homogeneous distributed environment is no
different than the centralized setting. Since each site carriesa copy
of the decision tree, new data is classified immediately without any
communication overhead. It is not the same for the heterogeneous
distribution of data. It requires the data transformation before clas-
sification. Considerx be the feature partition of a new instance at
site j. Let Σ j andVj be the components obtained by SVD of the
training samples atj. The row inU for x can be obtained from

x× Vj × (Σ j )−1. The transformation ofx is computed as -

x̃ = (x× Vj × (Σ j )
−1)1...p × Σ j × Vj (13)

x̃ is then sent to the master site to fill in its position in the approx-
imated instances. The approximated instance is then classified at
the master site.

6. ACCURACY EXPERIMENTAL RESULTS
To assess the performance of our decision tree constructed in a

distributed environment, we compared its accuracy againsta cen-
trally build decision tree. The experiments are conducted over 13
UCI datasets. The data sizes range from couple hundreds to several
thousands and the dimensions range from 5 to 65. To test the abil-
ity of DMDT to process multiclass problems, the class numbers of
these datasets range from 2 to 10. In addition, the complexity of the
datasets varies as the accuracy of some popular decision tree algo-
rithms on them ranges from around 50% to around 90%. In order
to check the accuracy of our classifier, we performed two runsof
five folds cross validation on each dataset.

The first experiment measures the accuracy of distributed classi-
fier in both homogeneous and heterogeneous environments with re-
spect to the centralized version. To simulate a homogeneousdistri-
bution of 4 sites, we first permuted the data instances and then par-
titioned it in 4 random segments. Each segment is then distributed
to four virtual processing sites. Due to relatively small dimension-
ality, we simulate the heterogeneous distribution using only 3 sites.
In this setting, the features are evenly partitioned and distributed
among available 3 sites. In addition, each site receives a copy of
the class labels. It shall be noted that heterogeneous distribution
is only tested on the datasets having greater than six features. The
constraint was necessary to ensure that each site receives at least
two features. The experimental results are tabulated in Table.2.
Column with titleHetero 1shows the results from algorithm2 while
the column titledHetero 2corresponds to algorithm3. Both are ob-
tained with the number of left eigen vectors, denoted byp = 1.

Dataset Classes Instances Features Centralized Homo Hetero 1 Hetero 2

Breast 2 683 10 96.63±1.26 96.93±1.78 96.93±0.76 96.78±0.62

Bupa 2 345 7 67.83±2.25 68.99±4.79 62.90±3.15 64.35±4.49

Vote 2 435 17 95.63±0.90 95.86±1.81 93.10±3.07 94.71±1.81

Ionosphere 2 351 35 88.03±3.40 89.18±1.97 89.18±3.09 90.02±2.55

Wine 3 178 14 98.31±1.44 98.32±1.45 88.18±4.49 88.19±2.27

Iris 3 150 5 97.33±2.62 97.33±2.62 - -

Car 4 1728 7 85.39±2.02 88.34±1.68 76.1±3.10 79.28±0.73

Dermatology 6 358 35 97.48±1.10 97.48±2.35 63.41±8.65 84.09±5.43

Segment 7 2310 20 91.16±6.2 92.66±6.32 78.40±5.86 84.29±5.33

Zoo 7 108 18 92.10±7.86 91.1±3.92 83.10±5.51 90.05±3.41

Glass 7 214 10 57.89±8.47 57.48±4.21 64.03±3.53 61.69±4.94

Optdigits 10 3823 65 94.45±0.49 95.19±0.97 34.5±8.37 80.49±0.99

Pendigits 10 7494 17 95.26±0.40 97.67±0.72 86.18±11.37 80.33±10.10

Table 2: Performance of Distributed Multifeature Decision
Tree

As expected, the performance of DMDTs in a homogeneous en-
vironment is same as Linear Discriminant Tree in a centralized en-
vironment. However, in heterogeneous environment, performance
drops are observed for both algorithms for most datasets. Insome
cases, the observed drops are significant. This is due to use of
only first left eigen vector in our approximation process. Itis also
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observed that the performance drops do not have any strong cor-
relation with the average number of features per site. Algorithm3
has systematically outperformed algorithm2. The reason for that is
observed in the consistency of approximated scatter matrix, which
was found to be better in algorithm3 than algorithm2.

The second experiment measures the impact ofp on the perfor-
mance. In this case, the results are obtained only using algorithm3
as Table2 shows algorithm3 outperforms algorithm2. The column
titled Featuresrepresents the average number of features at each
site. The value ofp is increased by one for each trial. The exper-
iment was stopped as soon as the accuracy obtained with certain
p value is close to the accuracy of the centralized version. Table3

Dataset Classes Features Centralized p=1 p=2 p=3 p=6

Breast 2 3.33 96.63±1.26 96.78±0.62 - - -

Bupa 2 2.33 67.83±2.25 64.35±4.49 68.12±1.37 - -

Vote 2 5.67 95.63±0.90 94.71±1.81 95.63±1.61 - -

Ionosphere 2 11.67 88.03±3.40 90.02±2.55 - - -

Wine 3 4.67 98.31±1.44 88.19±2.27 97.76±2.2 - -

Car 4 2.33 85.39±2.02 79.28±0.73 87.85±2.24 - -

Dermatology 6 11.67 97.48±1.10 84.09±5.43 92.72±2.58 93.57±1.51 96.92±1.74

Segment 7 6.67 91.16±6.2 84.29±5.33 92.55±0.99 - -

Zoo 7 6 92.10±7.86 90.05±3.41 99.05±2.01 - -

Glass 7 3.33 57.89±8.47 61.69±4.94 62.58±4.76 - -

Optdigits 10 21.67 94.45±0.49 80.49±0.99 88.1±1.27 90.17±2.89 93.28±2.4

Pendigits 10 5.67 95.26±0.40 80.33±10.10 90.73±3.67 95.72±1.19 -

Table 3: Impact of p on Heterogeneous Data Distribution

captures the results of our second experiment run measuringthe
impact ofp. It is apparent that in most cases (9 datasets out of 12)
our method reports comparable results with less than half ofthe
communication bandwidth requirement.

Third, we compare the performance of DMDT with two popu-
lar decision tree algorithms, ID3 and CART. We only refer to the
experimental results of their centralized versions since the theoret-
ical proof described in[4][5] shows that the performance ofexact
distributed learning will be the same as its centralized counterpart.
The comparison is shown in Table4. We quote the accuracy of
ID3 and CART from [17]. The performance for heterogeneous
settings is only presented for algorithm3 withp set to 1 since it
outperforms algorithm2. The comparison shows that the DMDT

Dataset ID3 CART Homo Hetero 2

Breast 94.1±1.2 94.9±1.4 96.93±1.78 96.78±0.62

Bupa 62.3±5.3 61.7±3.4 68.99±4.79 64.35±4.49

Vote 94.9±1.1 90.3±3.2 95.86±1.81 94.71±1.81

Ionosphere 87.6±3.2 86.8±4.0 89.18±1.97 90.02±2.55

Wine 88.7±3.7 87.3±4.4 98.32±1.45 88.19±2.27

Iris 93.9±2.8 89.3±4.4 97.33±2.62 -

Car 81.0±1.3 83.8±2.0 88.34±1.68 79.28±0.73

Dermatology 92.8±2.4 80.9±4.6 97.48±2.35 84.09±5.43

Segment 91.1±1.2 88.1±1.7 92.66±6.32 84.29±5.33

Zoo 91.3±6.3 69.9±9.7 91.1±3.92 90.05±3.41

Glass 60.7±6.2 53.9±4.2 57.48±4.21 61.69±4.94

Optdigits 78.4±1.5 81.4±2.1 95.19±0.97 80.49±0.99

Pendigits 85.7±1.0 87.1±2.9 97.67±0.72 80.33±10.10

Table 4: Performance Comparison

algorithm systematically performs better than ID3 and CARTin
homogeneous settings. This is because DMDT’s more suitablefor

describing oblique decision surfaces. Also fisher’s lineardiscrimi-
nant analysis increases the generality of the decision tree. The per-
formance of algorithm3 is comparable to ID3 and CART for most
of the datasets even with the smallest possiblep setting. For those
three datasets(Dermatology, Segment, and Pendigits) withperfor-
mance loss for more than 5 percent, similar or better performance
of DMDT can be reached whenp is set to 2(see Table3), which is
a small number compared to the dimensionality.

7. CONCLUSION
In this paper, we propose a multifeature decision tree algorithm

for distributed environment. Our approach extends the popular
Fisher’s Linear Discriminant in a straightforward fashionto deal
with homogeneous data distribution. The correctness of thethe-
oretical proof showing the equivalency between centralized and
distributed algorithm for homogeneously distributed datais fur-
ther verified using the experimental results. For heterogeneously
distributed data, we introduced the data approximation technique.
Two data approximation approaches are suggested and compared
for their relative performances. Our experimental resultsshow that
the consistency in estimating scatter matrix considerablyimproves
the classification performance. Although, the communication cost
of implementing algorithm for heterogeneous environment is pro-
portional to the total number of data instances, we empirically proved
that our approach could reach the performance of a centralized ver-
sion while saving more than half of the communication cost. Also
we empirically demonstrated distributed multifeature decision trees
can reach similar or better performance than the distributed single
feature decision trees with low communication cost in both homo-
geneous and heterogeneous environments.
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ABSTRACT 
Utility mining is an emerging topic in the field of data mining in 
recent years. A high utility pattern contains both important factors 
such as profit and quantity. The patterns can be composed of 
items with low frequency and high profit, or those with high 
frequency and low profit. However, the existing methods on 
utility mining were mostly designed for a centralized database 
and not suitable for the environment with multiple data sources 
like a chain-store enterprise. Moreover, the existing methods do 
not take important factors like on-shelf periods and locations of 
items into consideration. In this paper, we proposed a new kind of 
pattern named Chain-Store High Utility Pattern that contains not 
only individual profit and quantity of items but also common 
selling periods and stores of items in a multi-stores environment. 
Moreover, we proposed a new method named CS-Mine (Chain-
Store High Utility Pattern Mine) for discovering the proposed 
patterns efficiently. The CS-Mine algorithm needs only to scan 
the database twice and it can effectively filter out a large number 
of unnecessary itemsets with the filtration mechanism. To our 
best knowledge, this is the first work on mining chain-store high 
utility patterns in a multi-stores environment. Through a series of 
experiments, our proposed method was shown to deliver excellent 
performance under varied system conditions. 

Categories and Subject Descriptors 
H.2.8 [Database Management]: Data Mining 

General Terms 
Algorithms, Performance, Design, Experimentation, Theory. 

Keywords 
Data mining, utility mining, high utility patterns, chain-store 
patterns, multi-stores environment. 

1. INTRODUCTION 
In the fields of data mining, the association rules model [3] is the 
most frequently discussed issue due to its wide applications. In [2], 
Agrawal et al. first proposed the Apriori algorithm that is the most 

well-known algorithm for mining association rules from a 
transaction database. However, since the association rules model 
assumes that the significance or profit of each product is the same, 
we cannot understand the represented significance of each 
product in a product combination. Moreover, the methods on 
association rules mining may fail to discover product 
combinations which are composed of items with low frequency 
and high profit, or those with high frequency and low profit in a 
transactional database. Hence, frequency is not sufficient to 
answer a product combination whether it is highly profitable or 
whether it has a strong impact. 

For the above reasons, Chan et al. [5] proposed a new topic 
named utility mining that discovers high utility patterns from a 
transactional database. A high utility pattern on utility mining 
[8][12][17][18] considers both individual profit of each product in 
a database and bought quantity of each product in a transaction 
simultaneously. Thus high utility patterns can represent practical 
utility value of each product in a product combination. However, 
a product may be put on-shelf and taken off-shelf multiple times 
or that some products are only sold in some stores in a chain-store 
enterprise. Thus the base of existing methods in computing utility 
value of a product set is throughput a database so the results 
discovered by existing methods may be biased in a multi-stores 
environment.  

In order to solve the above problems, we proposed a new pattern 
named chain-store high utility pattern, which takes both of the 
selling periods and the selling stores into consideration in a multi-
stores environment. An example pattern is like “In the afternoon, 
customers usually purchase high-priced gifts and a gift card 
together in stores near the hospitals”. In such kind of patterns, the 
itemsets may not be frequent, while it may be a high utility one 
since most customers do not buy these items. Besides, we also 
proposed a new mining method named CS-Mine that can 
efficiently discover the proposed patterns in a multi-stores 
environment. The concept of CS-Mine algorithm is similar to EFI 
algorithm [9], but CS-Mine only scans the database two times and 
reduces the overhead in determining the relationship between 
items. Then CS-Mine decomposes transactions to generate 
directly subsets via the filtration mechanism. To our best 
knowledge, this is the first work on mining chain-store high utility 
patterns in a multi-stores environment. Through a series of 
experimental evaluation, we measured the differences between 
original and proposed patterns and CS-Mine was shown to have 
good performance under different conditions. 

The remaining parts of this paper are organized as follows. 
The related work is described in Section 2. The problem 
definition is stated in Section 3. The proposed method CS-Mine is 
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described in Section 4. Experiments to demonstrate the 
differences between proposed and original patterns by varying 
various parameters and the performance of the CS-Mine 
algorithm in dealing with large databases are described in Section 
5. Conclusions and future work are given in Section 6. 

2. RELATED WORK 
In the fields of data mining, association rules are widely applied 
to many applications. However, since the frequency is not 
sufficient to measure the significance of association rules, 
Agrawal et al. [14] proposed the quantitative association rules in 
1996 and Cai et al. [5] proposed the weighted association rules 
method in 1998. On the other hand, temporal association rules 
mining [4][11][13] has been proposed to solve the dynamic 
association rules problem, but the discovered results may be 
incorrect because they consider the occurred periods of 
transactions not the on-shelf periods of products, and the on-shelf 
and off-shelf periods of products may be switched multiple times 
in a transactional database. Since previous data mining models are 
mostly based on a centralized database and traditional association 
rules are not sufficient to provide knowledge inherent in data 
across the stores in a chain-store enterprise, the focus of many 
studies [1][7][16] is how to develop data mining techniques on 
multiple databases. Among these studies, Chen et al. [7] proposed 
a novel approach named Apriori_TP which is different from other 
approaches because the approach discovers temporal association 
rules across the stores in a multi-stores environment. Besides, the 
rules [7] consider both selling periods and selling stores of 
products into consideration simultaneously. In [7], they use the 
common selling periods and stores of all products in a product 
combination as relative content of a product set to compute the 
relative support, and then discover frequent relative itemsets in a 
multi-stores environment. 

Nevertheless, all of the above studies assume that the 
significances or profits of items are the same in the mining 
process. In order to overcome the problem, Chan et al. [8] 
proposed an importance topic named utility mining. The concept 
behind the utility mining is to discover the high utility itemsets 
whose utility values satisfy the minimum utility threshold given 
by users from a transactional database. Utility mining considers 
simultaneously both individual profit of each product in a 
database and bought quantity of each product in a transaction in 
the mining processes. In [18], the authors proposed the definitions 
of utility mining and theoretical model named MEU. However, 
the theoretical model MEU has to examine complete sets of all 
items to find all high utility itemsets. Thus Liu et al. [12] 
proposed a novel algorithm named Two-Phase to increase the 
performance in terms of discovering high utility itemsets from a 
database. However, the existing methods [8][12][15][17][18] on 
utility mining are not suitable for the environment with multiple 
data sources.  

As described above, there exists no work for discovering high 
utility itemsets in a multi-databases environment. This motivates 
our exploration of the issue of efficiently mining high utility 
itemsets in a multi-databases environment. 

3. PROBLEM DEFINITION 
In order to describe our problem clearly, a set of terms leading to 
the formal definitions of utility mining and multiple database 

mining problems can be formally defined as follows by referring 
to [7] and [18]. 

Definition 1. Let T = {t1, t2, ..., ti, ...} be a set of mutually disjoint 
time periods, where ti denotes the ith time period in the complete 
periods, T. 

Definition 2. Let P = {p1, p2, ..., py, ...} be a set of stores, where py 
denotes the the yth store in a chain-store enterprise. 

Definition 3. Let I = {i1, i2, ..., im} be a set of items. Furthermore, 
let D = {Tran1, Tran2, …, Tranj} be a transactional database with 
multiple data sources, where each transaction Tranj is a subset of I. 
In D, each transaction Tranj is attached with a timestamp, ti, and 
store identifier, py, to indicate the occurred store py and the 
occurred time ti of the transaction. 

Definition 4. Let an itemset X in transaction Tranj be a set of 
items, where X⊆ I and X⊆ Tranj. If |X| = k, the itemset X is 
represented as a k-itemset. If X⊆ Tranj, the set of transactions 
containing the itemset X are denoted as W(X, D) = {Tranj| Tranj 
∈D∧ X⊆ Tranj}. 

Definition 5. Let the content of an itemset X, VX, be the 
combination of the common selling periods and stores of all items 
in an itemset X that all items are sold concurrently. For example, 
if the itemset X is composed of the items IL and IZ, the content of 
the itemset X is represented as VX = VL∩ VZ. 

Definition 6.  o(Im, Tranj), local transaction utility value, 
represents the quantity of item Im in transaction Tranj. 

Definition 7. s(Im), external utility, represents the corresponding 
utility value of each item in the utility table. Note that the users 
can set the value of each item to inflect the importance of each 
item in the utility table. 

Definition 8. u(Im, Tranj), utility, represents the quantitative 
measure of utility for a item Im in transaction Tranj. Hence, u(Im, 
Tranj) is defined as o(Im, Tranj)×s(Im). 

Definition 9. u(X, Tranj), utility of an itemset X in a transaction 

Tranj, is defined as ( , )
m

m j
i X

u i Tran
∈
∑ , where X = { i1, i2,…, im} is a m-

itemset and X⊆ Tranj. That is, u(X, Tranj) is the sum of utilities 
of all items in an itemset X in Tranj. 
Definition 10. u(X), utility of an itemset X, is defined as 

^

( ) ( , )
j j

j
Tran D X Tran

u X u X Tran
∈ ⊆

= ∑ . That is, u(X) is the sum of 

utilities of all items in the fraction of transactions containing an 
itemset X in D. 
Definition 11. tu(Tranj), the transaction utility of transaction 
Tranj, is the sum of utilities of all items in transaction Tranj. 
Definition 12. Furthermore, twu(X), transaction-weighted 

utilization of an itemset X, is denoted as ( )
j

j
X Tran D

tu Tran
⊆ ∈
∑ . That is, 

twu(X) is the sum of transaction utilities of all the transactions 
containing the itemset X in D. For a user-specified minimum 
utility threshold Uσ , an itemset X is a high transaction-weighted 
utilization itemset if twu(X) of the itemset X is equal to or larger 
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than the minimum utility threshold Uσ . 

Definition 13. au(X), actual utility of itemset X with DVx, is 

denoted as ( , )
j v mx

j
Tran D I X

u X Tran
∈ ∧ ⊆
∑ , where DVx is the set of 

transactions whose time stamps and store identifiers are satisfied 
Vx in D. For a user-specified minimum actual utility threshold Aσ , 
the itemset X is a actual high utility itemsets named chain-store 
high utility pattern if actual utility of itemset X with DVx, au(X), is 
greater than or equal to the threshold Aσ . Moreover, the output of 
the proposed pattern contains the utility and a content indicating 
the stores and times that the patterns hold. 
Definition 14. Given two items x and y, if itemset xy is a high 
transaction-weighted utilization 2-itemset then we can say that x 
and y are high transaction-weighted utilization relationship. 
Otherwise, if itemset xy is not a high transaction-weighted 
utilization 2-itemset then we can say that x and y are not high 
transaction-weighted utilization relationship. 
With the above definitions, the problem of mining chain-store 
high utility patterns is defined as follows. Given a transactional 
database D with multiple data sources and two thresholds Uσ  and 

Aσ , the problem is to discover all the proposed patterns existing 
in a database D. In this research, we propose a new algorithm 
named CS-Mine for solving this problem. 

4. The PROPOSED METHOD CS-Mine 
In this section, we describe the proposed method – CS-Mine (The 
Chain-Store High Utility Patterns Mine) for discovering high 
utility patterns in a multi-stores environment in detail. 

First, we provide the pseudo-code of CS-Mine algorithm in Figure 
1. Initially, the CS-Mine algorithm loads the on-shelf information 
of items to construct the PT table for each item (line 4).  
Next, the CS-Mine algorithm scans the database D one time to 
find high transaction-weighted utilization 2-itmesets(HTWU 2-
itemsets) that satisfy the minimum utility threshold Uσ  and 
construct the TU table which each entry in TU table represents the 
sum of utilities of all transactions at each store py in each period ti 
(line 5 to 11).  
After finding high transaction-weighted utilization 2-itemsets, the 
HTWU 2-itemsets are as the filtration mechanism (line 12). Then, 
the CS-Mine algorithm scans the database again, and then filters 
effectively a lot of unnecessary itemsets via the filtration 
mechanism in the mining processes (line 13 to line 17). Note that 
the generated itemsets whose utilities are the sum of utilities of all 
items in an itemset X in Tranj with DVx in the process of 
generating itemsets. After the process of generating itemsets, the 
CS-Mine algorithm computes the actual utility of each itemsets by 
using tables PT and TU immediately (line 18 to line 22).  
Finally, the CS-Mine algorithm discovers all chain-store high 
utility patterns whose utilities satisfy the minimum actual utility 

threshold Aσ  from these itemsets generated by using the filtration 
mechanism (line 23) and outputs these chain-store high utility 
patterns X with content DVx (line 24). 

01 Input: A database D with multiple data sources, the utility  

02 table, the PT table, and two thresholds Uσ and Aσ  
03 Output: Chain-Store High utility patterns. (CSHU-Patterns)
04 Construct the PT table of each im; 
05 For each record Tranj in database D  
06 { add all 2-itemsets s in Tranj to temp_TWU2 table, 
07  and then increase their value in temp_TWU2 table  
08 by transaction utility in Tranj; 
09  increase the value at TU(ti, py) by transaction in ti,  
10 utility of Tranj; where the selling time of Tranj is 
11 and the selling store of Tranj is at py; } 

12 HTWU2 = { s| (s.utility / u (D)≥  Uσ }; 
13 For each record Tranj in database D  
14 {  generate itemsets in Tranj by using HTWU2;  
15 add these generated itemsets s in Tranj to temp_UI 
16 table, and then increase their value in temp_UI 
17  table by utility in Tranj; } 
18 For each subset x in temp_UI table 
19 {  obtain the content of subset x by using tables PT  
20 and TU; 
21   compute actual utility au(x) of subset x with  
22 respect to the content u(DVx); } 

23 CSHU-Patterns = { x | (x.utility / u (DVx)≥  Aσ  }; 

24 Output CSHU-Patterns 

Figure 1. The pseudo-code of proposed method CS-Mine. 

4.1 The PT Table 
In this study, we assume that there exists the information on the 
on-shelf periods and stores of items in a multi-stores environment. 
To obtain on-shelf information of items quickly, we construct the 
table – PT (Place and Time), which records the on-shelf periods 
and stores of each product in a multi-stores environment. The way 
of building table PT is by referring to [7]. For example, assume 
that there are six stores and six selling periods. Table 1 shows the 
on-shelf periods of a product A at each store, where “0” 
represents the period ti of the product at the store pj is off-shelf 
and “1” represents the period ti of the product A at the store pj is 
on-shelf.  

Table 1. The PT table of the product A. 

p6 1 1 1 1 0 0 
p5 0 1 1 1 0 0 
p4 0 0 1 1 1 0 
p3 1 1 1 1 1 0 
p2 0 1 1 1 0 0 
 p1 1 1 1 0 0 0 

 t1 t2 t3 t4 t5 t6 
In the mining process, the on-shelf information of items at each 
store is transformed into the specified format, and then save them 
in memory to increase the memory usage effectively. The 

35



compression rule is that each odd position in a string represents 
the beginning point of off-shelf periods, and each even position in 
one represents the beginning point of on-shelf periods. For 
example, in Table 1, assume the bit array of on-shelf and off-shelf 
of product A at store p4 is “[0, 0, 1, 1, 1, 0]”. The bit array can be 
transformed into a string “136” by the compression rule. 

4.2 The TU Table 
In this study, our objective is to discover all chain-store high 
utility patterns in a multi-stores environment. To increase the 
performance in terms of obtaining the content of all items in an 
itemset X, we construct the table named TU (Total Utility), where 
each entry in TU table is the total transaction utility of all 
transactions which occurred at store pj in period ti. The structure 
of TU table is similar as PT table. After the first scan, the CS-
Mine algorithm also constructs the TU table immediately. Note 
that the content DVx, of itemset X represents the total of 
transaction utilities of all transactions at common selling stores in 
common selling periods. With the TU table, we can obtain the 
content DVx, of itemset X quickly. 

4.3 Generation of Candidate Sets  
In order to illustrate how to generate the chain-store high utility 
patterns, we use the process of candidate sets generated by Two-
Phase algorithm [12] to illustrate the process. Note that our 
proposed algorithm CS-Mine does not generate candidate sets. 
Since a chain-store high utility pattern must be a high utility 
itemset, we can generate candidate itemsets of length k+1 from 
high transaction-weighted utilization itemsets of length k. 
However, if candidate sets of length k+1 are generated from 
chain-store high utility patterns of length k, it will cause the 
candidate sets loss. Hence, if we use high transaction-weighted 
utilization itemsets of length k to generate candidate sets of length 
k+1, then it still satisfies the downward closure property.  

4.4 Generation of Itemsets with The Filtration 
Mechanism 
In this subsection, we provide directly an example to illustrate the 
process of generating itemsets by using the filtration mechanism.  

Example 1. Assume that a transaction Tran1 is {3A, 2B, 25C, 3D} 
and their profit values are 3, 10, 1, and 6, respectively. Then, the 
processes of generating subsets of a transaction and computing 
utilities of each subset are as follows.  Besides, AB, BC, and CD 
are high transaction-weighted utilization 2-itemsets. Therefore, 
Figure 2 shows the processes of generating itemsets by using the 
filtration mechanism. 

First, the CS-Mine algorithm fetches the first item A in Tran1 and 
assigns simultaneously the first vector array for item A. However, 
since there is no item in front of the first item A, the fetched item 
A is attached into the first vector array as the first subset A. Next, 
because there are still items in back of item A in Tran1, the CS-
Mine algorithm continues to fetch the second item B in Tran1 and 
assigns simultaneously the second vector array for item B. Since 
there is only an item A in front of fetched item B, the CS-Mine 
algorithm directly determines the relationship between items A 
and B whether they are high transaction-weighted utilization 
relationship. This is because the first item of all subsets in each 
vector array must be the first subset of each vector array itself. 

Accordingly, we do not determine the relationship between the 
fetched item and all subsets in these vector arrays because the 
fetched item and the first item of all subsets in these vector arrays 
must be not high transaction-weighted utilization relationship 
when the fetched item and some items are not high transaction-
weighted utilization relationship. Note that the CS-Mine 
algorithm determines further the relationship of fetched item B 
and all items of each subset in the vector arrays whether they are 
high transaction-weighted utilization relationship. 

 
Figure 2. The whole processes of generating itemsets by using 

the filtration mechanism. 
As mentioned above, we can combine directly the fetched item B 
with the first subset A in the first vector array to generate new 
subset AB because the fetched item B and the item A are high 
transaction-weighted utilization relationship. Thus the CS-Mine 
algorithm can obtain new subset AB and it is attached into the first 
vector array because the first item in subset AB is A. Besides, the 
fetched item B itself is directly attached into the second vector 
array as the first subset B. Similarly, we continue to fetch the third 
item C and perform the above process. Thus we can obtain new 
subsets BC and C. Then, the subset BC is attached into the second 
vector array and the subset C itself is attached into the third vector 
array as the first subset C. Similarly, we continue to fetch the 
fourth item D in Tran1 and perform the above process again. Thus 
we can obtain new subsets CD and D, and then the subset CD is 
attached into the third vector array and the subset D itself is 
attached into the fourth vector array as the first subset D.  
After the process of generating itemsets in Tran1, the CS-Mine 
algorithm computes immediately utility values of all subsets by 
using indexes of all items in each subset. For example, the subset 
AB can index the quantities “3” and “2” and the profit values “3” 
and “10”, respectively. Then, u(AB, Tran1) = 3×3＋2×10= 29.  

5. EXPERIMENTAL EVALUATION 
In this subsection, we conduct a series experiments to evaluate the 
differences between original and proposed patterns and the 
performance of the CS-Mine algorithm by varying various 
parameters. The simulation is implemented in J2SDK 1.5.0 and 
conducted in a machine with 3.0GHz CPU and 1GB memory. 
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5.1 Description of Experimental Datasets 
Because it is very difficult to obtain the real databases from the 
chain-store enterprise, our synthetic datasets in the experiment are 
generated by IBM data generator [10]. Moreover, we develop a 
simulation model which is similar to the one used in [7], and then 
synthetic datasets generated by IBM data generator [10] are 
further made up via the simulation model. In the experiments, the 
definitions of used factor are shown as in Table 2 on IBM data 
generator, and other parameters are kept with default values. 

Table 2. Definition of Factors. 

D Total number of transactions  
P The number of stores  
T The number of periods 
N Total number of different items 
L Average length of items per transaction 
I Average length of maximal potentially frequent 

itemsets  
Su The maximum size of stores 
Sl The minimum size of stores 

min_util The minimum utility threshold 
min_autil The minimum actual utility threshold 

Since our objective is to discover chain-store high utility patterns 
in a multi-stores environment, we also develop another simulation 
model which is similar to the one used in [12], and then the 
previously processed synthetic datasets are newly made up via the 
simulation model once again so as to handle the issue that the 
IBM data generator generates only the quantity of 0 or 1 for items 
in a transaction. In the datasets generated, we generate randomly 
the quantity of each item in each transaction with ranges between 
1 and 5. Furthermore, we also generate the corresponding utility 
table in which a profit value is randomly assigned to each item 
with ranges between 0.01 to 10.00. 

5.2 Performance Measures 
In order to evaluate the differences between the original and 
proposed high utility patterns, we define two measurements to 
measure the change rate. First, the type A change is to measure 
the average difference between the utility values of original and 
proposed high utility patterns, which must be both them 
simultaneously. Second, the type B change is to measure the 
difference between the numbers of original and proposed patterns. 
Note that two thresholds min_util and min_autil must be the same. 
This is because original high utility itemsets of length k must be 
contained proposed chain-store high utility patterns of length k 
when two thresholds are the same. Hence, type A and type B 
change rates are defined as (1) and (2), respectively. 

( ) ( )  ( ) / | |
( )

u MP u SPChange Rate A SP
u MP

−
=∑  (1)

| | | |  
| |

MP SPChange Rate B
MP
−

=  (2)

Note that SP indicates the original high utility itemsets under a 
centralized database environment, and MP indicates the chain-
store high utility patterns under a multi-stores environment. 
Besides, u(SP) represents the utility value of each original high 
utility pattern and u(MP) represents the utility value of each 
proposed high utility pattern. 

5.3 Experimental Results 
5.3.1 Impact of varying the numbers of periods and 
stores 
In this experiment, we use the synthetic dataset T10.I4.N2K. 
D200K.U100.L50 to evaluate the impacts on type A and type B 
change rates under different numbers of periods and stores, 
respectively. The results of differences between original and 
proposed patterns on T10.I4.N2K.D200K.U100.L50 with two 
thresholds varied from 0.1% to 1% are shown in Figure 3 and 
Figure 4, respectively. 

Type A  Change

0%

20%

40%

60%

80%

100%

1% 0.80% 0.60% 0.40% 0.20% 0.10%

min_util & min_autil: The User-specified Thresholds

C
ha

ng
e 

R
at

e

P5T5 P25T25 P50T50  
Figure 3. Impact on type A change rate by varying the 

numbers of periods and stores. 
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Figure 4. Impact on type B change rate by varying the 

numbers of periods and stores. 
In Figure 3 and Figure 4, we can observe clearly that the 
differences on the numbers and utility values between original 
and proposed patterns are obviously increasing when the numbers 
of both periods and stores are increasing, and two thresholds are 
decreasing simultaneously. That is, the utility values of most of 
high utility itemsets are underestimated in a multi-stores 
environment. Thus most of chain-store high utility patterns are 
undiscovered by using existing methods. In contrast, since our 
proposed algorithm CS-Mine considers both of the on-shelf 
periods and the stores of items in a multi-stores environment, we 
can obtain not only the correct utility values of high utility 
patterns discovered by existing methods but also other high utility 
patterns undiscovered by existing methods. Hence, the variations 
of the type A and the type B change rates are increasing obviously 
when the numbers of both of the  stores and the periods are 
increasing, and two thresholds are decreasing simultaneously. 

5.3.2 Evaluation of execution efficiency  
In this experiment, we evaluate the performance of our proposed 
algorithm CS-Mine. Figure 5 shows the results of execution on 
datasets T10.I4.N2K.U100.L50 with different sizes of datasets 
varied from 200K to 1,000K and different number of periods and 
stores when two thresholds are set at 0.1%. 
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Dataset T10.I4.N2K.U100.L50,
min_util =0.1% & min_autil = 0.1%
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Figure 5. Impact on performance of CS-Mine algorithm by 

varying the size of datasets. 
In Figure 5, we can observe that the execution time is increasing 
when the size of datasets is increasing. But the performance of the 
CS-Mine algorithm scales linearly in Figure 5. The reason is that 
the CS-Mine algorithm can filter effectively a lot of unnecessary 
itemsets and generate only itemsets which are the most possible to 
be high transaction-weighted utilization itemsets via the filtration 
mechanism. Hence, the CS-Mine algorithm can enhance the 
performance and the memory usage via the filtration mechanism 
effectively when the size of datasets is increasing. 

6. CONCLUSIONS  
In this paper, we have proposed a new kind of pattern named 
chain-store high utility pattern that carries not only individual 
profit and quantity of items but also common selling periods and 
stores of items in a multi-stores environment. Moreover, we have 
proposed a data mining approach named CS-Mine (Chain-Store 
High Utility Patterns Mine) to enhance the performance in terms 
of discovering high utility patterns in a multi-stores environment. 
The CS-Mine algorithm can discover the high utility itemsets in a 
multi-stores environment efficiently with only two scans of the 
database. In conclusions, the contributions of this study are: First, 
we proposed a new pattern named chain-store high utility pattern 
for utility mining in a multi-stores environment. Second, we also 
proposed a data mining approach to discover proposed patterns in 
a multi-stores environment. Third, detailed simulation 
experiments on synthetic datasets generated by a public data 
generator were conducted to show the usefulness of proposed 
patterns and the merits of proposed mining method in a multi-
stores environment. As to the future work, we would apply both 
of the proposed pattern and the proposed approach into other 
applications to discover the interesting and valuable patterns in a 
multiple databases environment. 
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ABSTRACT 
The continuous growth of the Internet, coupled with the 
increasing sophistication of the attacks, is raising the concerns 
with how to grasp the real-time overall situation of the network 
security. Considering the overall situation is supposed to be dug 
out from the distributed monitoring nodes, there should be two 
critical obstacles to integrating heterogeneous data from different 
monitoring sensors. Firstly, how to unified the heterogeneous in 
the schema-level? To tackle this challenge, this paper presents an 
instance-based approach for schema mapping, named with IML 
(Instance-based machine-learning approach), which can 
maximize the use of data instance characteristics. Secondly, how 
to understand the large scale instances with different encoding 
format? To address this issue, we propose as novel approach, 
called SBC (Statistic-based clustering approach), which utilize 
clustering and statistics technologies to match large scale sources 
holistically. In addition, we construct an ensemble method to 
build a global view by reusing security logs, which are generated 
within different monitoring nodes [1]. We demonstrate IML and 
SBC over amount of real data sources and the evaluation results 
show good accuracy.   

Categories and Subject Descriptors 
H.2.5 [Heterogeneous Databases]: Data translation and Schema 
matching. 

General Terms 
Algorithms, Experimentation. 

Keywords 
Machine-learning, Clustering, Data integration, Schema matching, 
Instance matching. 

1. INTRODUCTION 
The Internet is now regarded as an economic platform and a 
vehicle for information dissemination at an unprecedented scale to 
the world’s population. On the flip side, this success has also 
enabled hostile agents to use the Internet in many malicious ways 
[2], and terms like spam, phishing, viruses, self propagating 

worms, DDoS attacks, etc.  
In response to such a continually advancing threat, grasping and 
examining the overall network security situation in real-time have 
caught more and more attention. In literature [1], we propose a 
novel framework to materialize a global view of the network 
security status based on existing applications, as illustrated in 
Figure 1. This system utilizes existing enterprise gateway security 
systems, such as IDS, firewall, DDoS protection systems and so 
on.  
This paper focuses data integration of heterogeneous log 
databases. We retrieve the logs from legacy systems as the input 
stream of DSMS. By virtue of data integration technologies, this 
system can provide the users with a unified interface to perform 
real-time monitoring and analyzing. 

 
Figure 1.  The diagram of global threat monitoring system. 

1.1 Motivations 
Compared to traditional approaches, a data integration system 
adapted to the overall security situation evaluation poses 
significantly more challenges as they have more additional 
features illustrated as follows: 
1. Poor semantic information deduced from schemas 
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To figure out the global situation, the system should integrate the 
security logs generated by thousands of security systems produced 
by various vendors. However, in China or other non-English 
countries, the security engineers designs the log table in totally 
different habit. Our observation shows  that most of these schemas 
cannot deliver any useful semantic information.  
2. Rich structure information abstracted from instances 
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A instance of the network monitoring system should describe 
attack events must have the same information of source, 
destination, packet length, attack type, timestamp, etc. Also, these 
fields almost have distinctive features, e.g., the contents of IP 
always represent as ‘xxx.xxx.xxx.xxx’. 
3. Large scale data sources 
There have been lots of existing security systems deployed all 
over the Internet. Each of them has designed its own log schema. 
To achieve the goal of our system, we should match the large 
scale sources at once, instead of isolated mapping. 
4. Instance-level heterogeneous 
There does not exist a global description of the attack events. 
Each monitoring node maintains an ‘attack’ table, which records 
all attack’s id and its descriptions. We observe that a certain attack 
event may be represented in different ways and denoted with 
different attack_id.  
There are mainly two limitations in existing approaches. Firstly, 
recent schema matching research works pay more attentions to 
schema information while the instance-based measure only serves 
as a supplement of schema-based mapping. In our situation, only 
the structure information of instance can be used. Secondly, if 
trying to apply the traditional approach directly, we should find 
the pair-wise attribute correspondences in isolation. It’s not only a 
labor-intensive work, but also cannot provide holistic information 
for our global view.  

1.2 Our Solution and Examples 
To integrate security log data, our system propose a new 
technology to construct a set of semantic mappings between the 
global schema and the local schemas of the data sources. This 
technology is just this paper’s focus. In our system, log data 
integration is dividing into two stages: schema matching and 
instance matching. 
Schema matching is fundamental to support querying mediation 
across the log data sources. In respect that the log databases used 
by different firewalls and their schema are not open to general 
users, the field names are various, obscure, and even not machine-
understandable (seeing figure 2.a). Instance-level data can give 
important insight into the contents and meaning of schema 
elements [3]. This is especially true when the useful schema 
information is limited, just like as is in our system. We introduce 
IML approach, an instance-based schema matching method, 
which utilizes sensors to learn the structure information of 
instance and applies the machine-learning technology to improve 
the precision of schema matching (see Example 1).  
Example 1. Considering the schema mapping in Figure 2.a, we 
first select a source, IDS A. Next, we manually specify the 
mappings between the schema of this source and the global 
schema. These mappings can be specified by a network 
administrator, because this job only needs some domain 
knowledge. In particular, this paper suppose the mappings, which 
specify that source schema elements (ip_src, ip_dst, ip_len, 
event_id, timestamp) match the global schema elements (srcIP, 
destIP, length, attacked, pTime) respectively (see the dotted 
arrows in Figure 2.a). 
Once we have specified the mappings, there are many different 
types of information that IML can glean from the source data to 
train a set of sensors. A learner can look at example ip_src and 
ip_dst in the source data, and learn the format of ip field. It could 

also learn from the characteristics of value range: it could discover 
that length column the value is in the range of [0, 65535].  
After the sensors have been trained, we apply IML to find 
mappings for the new data sources. In this background, there are 
thousands of heterogeneous schemas, which all require being 
processed. Considering source IDS B, first, IML extracts sample 
data from this source to populate a table where each column 
consists of data instances for a single element of the source 
schema. Next, IML applies the learners to each column. Sensor A 
examines the data instances of the column, and applies its learned 
hypothesis to predict the matching global schema element. For 
example, when applied to column SJ, a format sensor will 
recognize that the data instances in the column are in time format. 
Based on these predictions, IML will be able to predict that SJ 
matches pTime. ■ 

Instance matching also is a vital part of data integration system. 
In our case, as shown in Figure 2.b, the descriptions of attack 
events are totally discrepant, although with the same semantic 
meaning. Consequently, we present SBC approach to cope with 
this issue, which applies the statistic theory to find out the 
keyword of the description, and then match large scale of 
instances by clustering approach (see Example 2).  

(a) The schema matching example 

(b) Two different instance matching approaches 

Figure 2.  The illustrations for two examples. 
Example 2. Considering the instance matching in Figure 2.b, we 
contrast the two different approaches. Given a set of tables as 
input, the traditional matching approaches essentially rely on 
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finding pair-wise tuple correspondence (e.g. ‘SYN Flood’ in 
Source S1 maps to ‘TCP SYN Flood Attack, belongs to Flood 
DDoS.’ in S2). In contrast, our approach considers the input tables 
holistically. These large scale source tables will give more 
information than pair-wise approach.  
Here we observe two distinguishing characteristics that offer a 
new view for instance-level matching: On one hand, we observe 
that there is a key word, which must be unique in the whole table. 
For example, ‘SYN’ is unique in one tuple, and then we use ‘SYN’ 
as a key word of this tuple. Also the key word can be summed up 
the meaning of this statement. On the other hand, there is large 
scale of data source, and we must match many instances at the 
same time and find all matchings at once. These dual observations 
motivate us to develop a statistical and holistic method to solve 
this problem. Specifically, first we search the keyword of each 
tuple, which is called generalizing stage. In this stage, we 
calculate the occurrence number of each word in one table, and 
then cut those words with high frequency. Second, unlike 
traditional approaches using pair-wise correspondence, we will 
consider the data sources together to define the global attack 
description. This should make the descriptions have more 
representativeness. ■ 

1.3 Contributions 
Compared to existing approaches, our approach makes three 
unique contributions. 
1. We utilize a multi-strategy learning technology to find the 
semantic mappings based on source instances. Considering the 
special fields of ‘ip_src’ and ‘ip_dst’, this learning approach 
cannot distinguish the source from the destination. We design a 
statistics learner to tackle this problem.  
2. We propose a novel framework to deal with the instance 
heterogeneous. Different from the traditional approaches, this 
framework matches the tuples holistically.  
3. Finally, we validate the effectiveness of our framework over the 
real world applications. The results show that IML and SBC 
already obtain high accuracy. 
The paper is organized as follows. The next section reviews 
related work. Section 3 defines the matching problems. Sections 
4-5 describe the whole integration system by present IML and 
SBC approaches. Section 6 presents our experiments. The last 
section discusses the future work and concludes.  

2. Related Works 
Schema matching and instance matching are critical steps for 
schema integration [4][5]. We relate our work to existing works in 
these two aspects. 
Schema matching: Work on schema matching can be classified 
into schema-based and instance-based approaches. (For a 
comprehensive survey on schema matching, see [6][7].) In the 
instance-based approach, the Semint system [3] uses a neural-
network learner. It matches schema elements using properties 
such as field specification (e.g., data types and scale) and statistics 
of data content (e.g., maximum, minimum, and average). The 
LSD [8] system, exploit other types of data information such as 
word frequencies and field formats. It utilizes both schema and 
data from the sources, and employs machine learning techniques 
to build the semantic mappings. The ILA system [9] matches 
schemas of two sources based on comparing objects that it knows 
to be the same in both sources. The DELTA [10] system 

associates with each attribute a text string that consists of all 
metadata on the attribute, then matches attributes based on the 
similarity of the text strings.  
Our IML approach was motivated by LSD system and Semint 
system, which we also employ machine learning techniques and 
matches schema elements using properties such as statistics of 
data content and field formats. 
Instance matching: This problem is related to data exchange, 
which is the task of restructuring data from a source format (or 
schema) into a target format (or schema). The Clio system [11][12] 
introduces value correspondences, which specify functional 
relationships among related elements (e.g., hotel-tax = room-rate 
* state-tax-rate). Given a set of such correspondences, Clio 
produces the SQL queries that translate data from one source to 
the other. Clio explores joining elements along foreign keys, thus 
many possible ways to join.  
Toward the large scale matching, the closest idea is probably 
proposed by Bin et al. [13][14], they proposes a different 
approach, motivated by integrating large numbers of data sources 
on the Internet. First, a general statistical framework MGS for 
such hidden model discovery, which consists of hypothesis 
modeling, generation, and selection. Further, they specialized the 
general framework to develop algorithm MGSsd, targeting at 
synonym discovery, a canonical problem of schema matching, by 
designing and discovering a model that specifically captures 
synonym attributes.  

Consequently, SBC approach cope with instance matching 
problem, which applies the statistic theory to find out the keyword 
of each attack event description, and then match large scale of 
instances by clustering approach (see Example 2).  

3. Problem definition 
3.1 Schema Matching 
The goal of schema mapping is to produce semantic mappings 
that enable the query based on the global schema. The focus of 
our work is to compute 1-1 mappings between the global schema 
and local source schemas. There are no more complex mappings 
in our project background. Also the input to the schema mapping 
problem is already structured data. We have discussed the data 
extraction phase of our global monitoring system in refer [1], 
which also benefiting from machine learning chniqute es. 
Given the schema names as distinct labels ଵ݂, ଶ݂, … , ௡݂ . 
Classification proceeds by training a Sensor ܵ on a set of training 
examples ሼሺݔଵ, ௜݂ଵሻ, … , ሺݔ௠, ௜݂௠ሻሽ, where ݔ௠ is an object and ௜݂௠ 
is the observed label of that object. During the training phase, the 
sensor inspects the training examples and builds an internal 
classification model on how to classify objects. In the matching 
phase, given an object ݔ  the sensor ܵ  uses its internal 
classification model to predict label for ݔ . In this paper, we 
assume the prediction is of the form ݏۃሺ ଵ݂|ݔ, ܵሻ, … , ሺݏ ௡݂|ݔ, ܵሻۄ, 
where ∑ ൫ݏ ௝݂|ݔ, ܵ൯ ൌ 1௡

௝ୀଵ , and ݏ൫ ௝݂|ݔ, ܵ൯ is the confidence score 
of Sensor ܵ that ݔ matches label ௝݂. The higher a confidence score, 
the more certain the sensor’s prediction is. 

3.2 Instance Matching 
Each legacy security system has an attack description table, as 
shown in Figure 2.b. There are seemingly distinct tuples which 
represent the same real-world entity. In our global monitoring 
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system, we should find the correlations between t tables, 
and then we could translate the attack_id o rd. 

 differen
 t  a single standa

Given the different tables of attack description ଵܶ, … , ௡ܶ. Which 
consist of set of tuples, denoted by ௜ܶ ൌ ሺݐ௜ଵ, … , ௜௠ሻݐ , where 
௜௝ݐ ൌ ,௜௝ܦܫۃ  our task is ,ܦ For each unique description .ۄ௜௝ܥܵܧܦ
output ൛ܦܫ௜௝| ܥܵܧܦ௜௝ ൌ  .ൟ ܦ

4. The IML approach 
This section will describe IML in detail. IML operates in two 
phases: training and matching (see Figure 3). And there consists 
of four major components: sensor, combiner, scorer and manual 
intervention.  

Figure 3.  The two phase of IML approach. 
In the training phase, user prepares the samples for sensor to learn 
the value characteristic. Then, it trains the combiner how to assign 
the weight to each sensor. The output of the training phase is the 
internal classification models, for example prediction model[15]. 
In the matching phase, the trained sensors are used to match new 
source instance. The scorer will combine the sensors’ predictions. 
The output is mapping for the target schema. Users can either 
accept the mapping or provide some feedbacks. 

4.1 The Training Phase 
4.1.1 Data preparation 
Given several sources as input, IML begins with asking the user to 
specify 1-1 mappings between the global schema and the schema 
of these sources. Furthermore, after a new source has been 
matched by IML, it can serve as an additional training source. 
This makes IML unique that it can directly reuse past mappings to 
improve its performance. Next, user extracts data from the two 
sources for training. 
Following example 1, suppose that IML is given two sources IDS 
A and IDS B, whose schemas are shown in Figure 4.a, together 
with the global schema. Next user simply has to specify the 
mapping shown in Figure 4.b. And then the system extracts the 
samples of data stream per 5 seconds (see Figure 4.c) 

4.1.2 Train the Sensors 
IML trains each sensor on the training samples. Each sensor will 
examine its training examples to construct an internal 
classification model that helps in matching the new sources. These 
models are part of the output of the training phase. 
In our system, there is totally four types sensor explained as 
follows: 

Format Sensor: The format of value can represent as a Regular 
Expression, for instance, the IP value like ‘192.168.0.1’, which 
can be represented as ‘x.x.x.x’. 
Value Range Sensor: Range is one of the characteristics for those 
objects whose data types are number. For example, the value of 
Length field is [1, 65535]. 
Type Sensor: The special type will be presented in one table, e.g., 
time type in log table.  
Statistics Sensor: This sensor can catch the distribution of the data 
values. 
Our system is flexible enough, that user can define other sensors 
to extend IML. 

4.1.3 Train the combiner 
The combiner uses a technique called stacking [16][17] to 
combine the predictions of sensors. Training the combiner works 
in the following steps [16]. Firstly, the combiner asks the sensors 
to predict the labels of the training examples. Secondly, since he 
combiner knows the correct result, it is able to judge how well 
each sensor performs with respect to each label. Finally, combiner 
assigns to each label ௝݂ and sensor ௜ܵ a weight ݓௌ೔

௙ೕ  that indicates 
how much it trusts the predictions of sensor ௜ܵ. 

4.2 The Matching Phase 
Once the sensors and combiner have been trained, IML is ready to 
predict semantic mappings for new sources. Figure 5 illustrates 
the matching process on source IDS C. We describe the steps of 
this process in detail.  
Firstly, IML extracts a set of log data from IDS C (listing in 
Figure 5). Secondly, to match a source field, such as source, IML 
begin by matching each data instance of this field. IML applies 
the sensors to mach each instance, and then combine their 
predictions using the combiner. Thirdly, the combiner then 
combines the different predictions into a single prediction. For 
each filed, the scorer computes a combined score, which is the 
sum of the scores that the sensor give to that field, weighted by 
the sensor weights. Finally, according to the scores, our system 
takes these predictions together, and outputs the 1-1 mappings. 
As shown in Figure 5, users’ feedbacks can further improve 
matching accuracy, and is also necessary for matching the 
ambiguous schema elements. Sometimes the machine cannot 
precisely determinate the mapping relationship, then the user can 
intervene it. And this will do better for the situation come next 
time. Our framework enables easy and seamless integration of 
such feedback into the matching process.  

5. The SBC approach 
We now describe SBC in detail. It operates in two phase: 
generalizing and clustering. In the generalizing phase, SBC should 
compute the weightiness of each word in the description field, and 
then cut the lower ones, which do not matter to understand the 
tuples. In other words, the remained words are the key words of 
the each tuple. In the clustering phase, different from the 
traditional matching approaches, SBC matching the entire input 
table at one time. We use a clustering method to find the 
correlations. Firstly, we cluster the semantic related descriptions 
together, and then the mapping of different ID should emerge 
naturally. Also, the entire matching of large scale tables should 
benefit that we should select the most representative of words for 
each attack description. 
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Figure 4.  An example of the training phase. 

5.1 The Generalizing Phase 
There is a premise that we must take into account. The 
weightiness of terms in each tuple is not equal to each other. In 
fact, the key word is usually the one which does not occurs in 
other descriptions, i.e., as shown in figure 2.a, the word ‘This’ 
occur two time in two tuples, and ‘DDoS’ is unique in the whole 
table of description field. According to this observation, the 
frequency of the word is negative correlation with the importance 
of word. This relies on their information entropy [18].  
For implementation, we splice all description of a certain table as 
a paragraph. Then we calculate the weightiness of each distinct 
term to select the keyword. The following formula defines i-th 
term’s information entropy, ܧ௜ ൌ െ݌௜ · ௜݌ ௜. Where݌݃݋݈ ൌ  .݉/௜ߣ
݉ denotes the sum number of terms in this paragraph. ߣ௜ denotes 
the sum of the occur time of the certain term. In addition, the 
weightiness of term is defined as follows, ߚ௜ ൌ ா೔

∑ ாೖ
೙
ೖసభ

.  

Then we could get the keyword of each tuple in one table, 
according to the weightiness of terms. We should promise that 
there exists at least one word to represent one tuple. 

5.2 The Clustering Phase 
Once the generalizing is finished, SBC takes the processed tables 
as input, and matching all the tuples holistically. We consider 
matching the tuples in a clustering approach (see Figure 7). 
Because the data is so simple that we just use the standard 

clustering algorithm [19][20] to finish this job. In figure 7, ݀௜,௝ 
represents the distance that between object[i] and cluster[j], and ߜ 
denotes the threshold that the SBC designed. The number of 
objects with a cluster[j] is denoted as member[j]. 

Figure 5.  An example of the matching phase. 

Fast Standard Clustering Algorithm 
Input: object[N]: array of data objects 
Output: cluster[K]: array of cluster centers 
1: K=0;  
2: N=number of objects; 
3: For i=0 t N-o 1 

0 to k 
If ݀௜

4: For j=
5:  ,௝ ൏  then ߜ
6:  object[i] belong to cluster[j]; 
7:  member[j]++; 
8:  newCluster=false; 
9: If newCluster then 
10:  createCluster(object[i]); 
11:  member[j]=0; 
12:  K++; 
13: Output cluster[K]; 

Figure 7.  The fast standard clustering algorithm for large 
scale instance matching.  

After the clustering algorithm, SBC finds out the high score of 
member[j], which means that these terms are frequently used by 
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Figure 6.  An example of the generalizing phase. 

these legacy security systems, as shown in figure 8.b. Then, we 
can get the most representative of words for each attack 
description (see figure 8.c). 

6. Experiments 
We have evaluated our system on real-world network monitoring. 
In the schema matching, our goals were to evaluate the matching 
accuracy of IML in different size of training data sets, and the 
contribution of different components. While in the instances 
matching, we decided to evaluate the precise and recall rate of 
SBC in different size of input tables, and we also measure these 
results with different parameters. 
In particular, we implement the framework in C++ and test all the 
experiments on a Windows XP machine with Pentium M 1.8GHz 
CPU and 2.0G memory. 

6.1 Experiment Setup 
In this domain, we use 38 source schemas. The input schemas 
almost are 6-tuple schema, whose characteristics are shown in 
Table 1. To evaluate the SBC approach we use the same source 
system, and there are average 248 tuples in the attack description 
tables. 

We collect this security log data in different regions in China. Due 
to the goals of experiments, we simplified the data schema 
manually. For instance, we combine some table to provide a 
unified interface, e.g., Event(sid, aid, pid) and Packet(pid, src_ip, 

dst_ip, length, time, proto) -> Event(sid, aid, src_ip, dst_ip, length, 
time) though the pid join select. 

Figure 8.  An example of the clustering phase. 

Table 1.  Data sources for our experiments. 

IML 
Sources schema Global schema 
scale field scale field 
38 8 1 6 

SBC 

Source table of 
attack description 

Global table of 
attack description 

scale Tuple scale Tuple 
38 148 1 - 

Because of the different framework to solve the mapping problem, 
here in our experiments, we did not compare with other 
algorithms. For example, in instances matching phrase, other 
solutions finish this job with pairwise method. Then we just 
process simultaneously. 

6.2 Experimental Results 
6.2.1 Schema matching with IML 
Figure 9.a shows the variation of the matching accuracy as a 
function of the number of data listings available from each source. 
The three lines (from bottom to top) represent the accuracy 
produced respectively by the best sensors, the sensor and 
Combiner, and the completed IML approach. The results show 
that the performance of IML stabilizes fairly quickly: it climbs 
steeply in the range 5-20, minimally from 20 to 200, and levels off 
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after 200. IML thus appears to be robust, and can work well with 
relatively little data.  
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Figure 9.  The results of experiments with IML approach. 
As shown in Figure 9.b, the contribution of sensors and combiner 
are indispensability. The first line (from top to bottom), represents 
the accuracy produced by IML. The second line denotes that IML 
without combiner, and the 3-5th lines represent the IML without a 
sensor. Without sensors or combiner, the accuracy of IML charges 
downslide clearly. The results show that with the current system, 
both sensors and combiner make important contributions to the 
overall performance. 

6.2.2 Instance matching with SBC 
As description in Section 5, the parameters of the generalizing and 
clustering phrase, these have great influence on the precision and 
recall of experimental results. Here, ߋ௧௘௥௠௦  denotes the number 
of terms we select as keyword candidates in the generalizing 
phrase, and ߜௗ௜௦௧௔௡௖௘  represents the distance threshold when we 
clustering the semantic related keywords. The parameters are set 
by our experience. 
Figure 10.a shows the different precision with different 
parameters setting. The x-axis represents the different value-pair 
 and the y-axis denotes the precision of SBC ,(௧௘௥௠௦ߋ, ௗ௜௦௧௔௡௖௘ߜ)
approach. For each scale, the four bars (from left to right) 

represent the different scales of matching table. Figure 10.b shows 
the different recall with different parameters setting. The 
coordinate axes represent the same meanings as Figure 10.a. We 
can also discover that the precision and recall of SBC is strongly 
related to the parameters values and input tables’ scale. We will 
discuss the adaptive feature in future work of section 7. 

According to o onment, we design ur data envir
 ቀߜௗ௜௦௧௔௡ ��  , ௧௘௥௠௦ቁߋ ൌ 
 ሼሺ0.3,200ሻ, ሺ0.5,200ሻ, ሺ0.7,200ሻ, ሺ0.3,300ሻ, ሺ0.5,300ሻ, ሺ0.7,300ሻሽ
.  
As shown in Figure 10, the keywords should decrease with the 
increasing of ߋ௧௘௥௠௦ , and this will induce that, the precision of 
SBC should decrease, while the recall of SBC should 
synchronized grow up. Due to the increase of ߜௗ௜௦௧௔௡௖௘ , the 
number of cluster decrease. 
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Figure 10.  The results of experiments with SBC approach. 

7. Conclusions and future works 
For the security log integration, we split the problem into two 
aspects: schema matching and instance matching. We have 
described an approach to schema matching that employs and 
extends machine learning techniques. Also we present a novel 
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approach to instance matching, which utilize the statistics 
information and clustering algorithm.  
In schema matching aspect, due to the special situation, we focus 
the instance-based measure method. The system applies sensors, 
each of which looks at the problem from a different perspective, 
then combines the sensors’ predictions. Our system also utilized 
user feedback to improve the accuracy. Finally, experiment show 
IML appears to be robust and efficient.  
In instance matching aspect, we consider handling large scale 
tables together. This is different from the traditional approach, 
which though the pair-wise matching. The large scale tables could 
provide enough information for us to select the most 
representative of words for each attack description. Also, the 
clustering algorithm should become more precise with the large 
scale data. The experiment results verify SBC is efficient enough. 
Next, we will extend our current work in three ways. First, we 
should address the n:m mapping problem, which exists in data 
integration system commonly. Second, we should develop more 
sensors to grasp other different characteristics of data values. 
Finally, we must improve our clustering algorithm to tune 
parameters. From the experiments, we have aware that this will 
make our approach more robust. 
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ABSTRACT 
Data mining is one of the most important analysis techniques to 
automatically extract knowledge from large amount of data. 
Nowadays, data mining is based on low-level specifications of the 
employed techniques typically bounded to a specific analysis 
platform. Therefore, data mining lacks a modelling architecture 
that allows analysts to consider it as a truly software-engineering 
process. Bearing in mind this situation, we propose a model-
driven approach which is based on (i) a conceptual modelling 
framework for data mining, and (ii) a set of model 
transformations to automatically generate both the data under 
analysis (that is deployed via data-warehousing technology) and 
the analysis models for data mining (tailored to a specific 
platform). Thus, analysts can concentrate on understanding the 
analysis problem via conceptual data-mining models instead of 
wasting efforts on low-level programming tasks related to the 
underlying-platform technical details. These tasks are now 
entrusted to the model-transformations scaffolding. The feasibility 
of our approach is shown by means of a hypothetical data-mining 
scenario where a time series analysis is required.  

Categories and Subject Descriptors 
D.2.1 [Software Engineering]: Requirements/Specifications – 
elicitation methods, languages, tools 

D.2.12 [Software Engineering]: Interoperability – data mapping, 
interface definition languages. 

D.2.13 [Software Engineering]: Reusable Software – domain 
engineering, reusable models. 

H.2.3 [Database Management]: Languages – query languages, 
data description languages (DDL), data manipulation languages 
(DML). 
H.2.8 [Database Management]: Database Applications – data 
mining.  

General Terms 
Management, Documentation, Design, Standardization, 
Languages. 

Keywords 
data mining, data warehouse, model-driven engineering, model 
transformation, multidimensional modelling, conceptual modeling 

1. INTRODUCTION 
Data-mining techniques allow analysts to discover knowledge 
(e.g., patterns and trends) in very large and heterogeneous data 
sets. Data mining is a highly complex task which requires a great 
effort in preprocessing data under analysis, e.g., data exploration, 
cleansing, and integration [22]. Therefore, some authors suggest 
the suitability of data-warehousing technologies [6] for improving 
the conventional knowledge discovery in databases process [7,8] 
by means of providing an integrated and cleansed collection of 
data over which data-mining techniques can be straight applied 
[5,23]. However, the current data-mining literature has been 
focused on the presenting new techniques and improving the 
underlying algorithms [4], whilst the most known software 
platforms do not apply the data-warehousing principles during the 
data-mining design. To overcome this situation, several 
mechanisms have been proposed [26,27,28,20] to model data-
mining techniques in conjunction with data-warehousing 
technology from the early stages of design (i.e., at the conceptual 
level). These data-mining models do not only support analysts in 
using and understanding the required data-mining techniques in 
real-life scenarios, but also allow designers to document the data-
mining techniques in detail. Hence, these data-mining models are 
truly blueprints that can be used to manually obtain the required 
data-mining metadata as a basis of the implementation in a certain 
data-mining platform. However, this highly-complex task is only 
accessible to expert analysts and requires too much effort to be 
successfully completed [5,9]. 

Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies are 
not made or distributed for profit or commercial advantage and that 
copies bear this notice and the full citation on the first page. To copy 
otherwise, or republish, to post on servers or to redistribute to lists, 
requires prior specific permission and/or a fee. 

In this work, we will go beyond the definition of new models, 
here we define a model-driven engineering [1] approach for data 
mining. Moreover, we propose the use of a well-known visual 
modeling standard, the “unified modelling language” (UML) [17] 

Conference’04, Month 1–2, 2004, City, State, Country. 
Copyright 2004 ACM 1-58113-000-0/00/0004…$5.00. 
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Table 1. Comparison of data-mining modelling languages 

Language CDM CWM XELOPES DMX Weka 

Type metamodel metamodel library query language library 
Technology UML profiles MOF instance CWM extension SQL-like computation 

Subject interaction interoperability 
interoperability 

computation 
querying computation 

Abstraction high middle middle low low 
Complexity low medium high medium high 
User type analysts data managers data managers data miners data miners 
Expertise low medium high medium high 

for facilitating thedesign and implementation tasks. In order to 
spread the usage of data-mining models to a broader scope of 
analysts and reduce the required effort our approach automatically 
generate a vendor-specific data-mining implementation from a 
conceptual data-mining model, taking into consideration the 
deployment of the underneath data warehouse (i.e., data under 
analysis). The rest of the paper is structured as follows: the next 
Section outlines the related work. Section 3 describes our model-
engineering approach for data mining by describing (i) the 
modelling solution and (ii) the proposed model-transformation 
architecture. For this aim, a case study is used through the paper 
to clarify every theoretical detail. Finally, Section 4 exposes 
conclusions, also sketching the ongoing work. 

2. RELATED WORK 
Current approaches for data-mining can be classified on those that 
are a general description of data-mining process, or mathematical 
oriented, and propose solutions at a highly low-abstraction level. 
However, both approaches overlook the definition of 
understandable artifacts that could be easily used by designers in 
a software engineering process. The main standard proposed for 
the data mining process is the “cross industry standard process for 
data mining” [2]. This standard is a detailed description of each of 
the six phases of the data-mining process. Nevertheless, this 
standard neither proposes a concrete modeling tool nor presents a 
conceptual model for data mining. CRISP-DM is focused on the 
description of how to perform a data-mining task, and thus, it 
remains as a high-level definition of the data-mining process. The 
six phases of CRISP-DM are: business understanding, data 
understanding, data preparation, modeling (i.e., as a selection of 
data and algorithm for the specific goal)1, evaluation, and 
deployment. Each one of these phases is dependent of the 
previous one: data understanding requires a good comprehension 
of the business. Then, this standard defines the main aspects to be 
considered in each of the six phases. However, CRISP-DM does 
not propose any artifacts, platform or language for modeling data 
mining. 
An overview of current data-mining modelling languages is 
provided in Table 1. The “common warehouse metamodel” 
(CWM) [17] and the “predictive model markup language” 

                                                                 
                                                                

1 In CRISP-DM, the word modeling is used as selecting the required data 
and algorithm to perform the data mining task.  

(PMML)2 [3] are really standards for the metadata interchange 
proposed by vendor-independent consortiums (OMG and DMG, 
respectively) between data-mining applications based on XML, 
but they cannot be used as analysis artifacts. The “data mining 
extensions” (DMX) [16] is a SQL-like language for (textually) 
coding data-mining models in the Microsoft Analysis Services 
platform, and therefore it is difficult to gain understanding of the 
data-mining domain. In addition, some data-mining libraries have 
been also proposed as a modelling mechanism. Two of the most 
known are the “extended library for Prudsys embedded solutions” 
(XELOPES) [21] (derived from CWM) and Weka [25]. They 
provide an entire framework to carry out data mining but, once 
again, they are situated at very low-abstraction level, since they 
are code-oriented and they do not contribute to facilitate 
understanding of the domain problem. On the other hand, there 
are software architectures related to data mining such as the 
“pattern-base management system” (PBMS) [24] designed to 
store and manage patterns obtained from the usage of data-mining 
techniques, but they cannot be considered a truly modelling 
proposal as we state herein. 
All of these approaches have the same drawback, since they are 
focused on solving the technical scaffolding instead of providing 
analysts with intuitive artifacts to specify data mining. To the best 
of our knowledge, only the proposal described in [26-28,20] 
provides a modelling framework (CDM in Table 1) to define data-
mining techniques at a high-abstraction level by using the “unified 
modelling language” (UML) [17]. However, these UML-based 
models are mainly used as documentation. In this paper, we 
propose to extend this modelling framework as a first step in 
turning data mining into a real software engineering process. 
Specifically, we use model-driven engineering concepts to (i) 
specify data-mining analysis in two technology-independent 
models (the multidimensional-data model of the underlying data 
warehouse and the data mining technique model), and (ii) provide 
transformations to automatically deploy data and analysis 
specifications into their physical implementations. 

 
2 In Table 1, we exclude PMML due to the space constraints. PMML is 
simmilar to CWM but it is a language (Type field) coded in XML schema 
(Technology). 
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3. MODEL-DRIVEN ARCHITECTURE 
FOR DATA MINING IN DATA 
WAREHOUSES 
Our model-driven engineering approach for data mining 
advocates defining the underneath data warehouse (i.e., data under 
analysis) together with the corresponding data-mining technique. 
In this section, both tasks are explained, as well as the required 
transformations to obtain the data-mining implementation. In 
order to clarify the theoretical details that lay behind our solution, 
we employ a case study in the rest of the text. 

3.1 MODELLING THE DATA UNDER 
ANALYSIS 
This section explains how to develop the underlying data 
warehouse required for data-mining to provide integrated and 
cleansed data. The data warehouse is based on a multidimensional 
model which defines the required data structures, namely facts 
and dimensions and their respective measures, hierarchies and 
attributes. Multidimensional modelling resembles the traditional 
database design [23]. First, a conceptual design phase is 
performed whose output is an implementation-independent and 
expressive conceptual multidimensional model for the data 
warehouse. A logical design phase then aims to obtain a 
technology-dependent model from the previously defined 
conceptual multidimensional model. This logical model is the 
basis for the implementation of the data warehouse. In previous 
work, we have aligned this process with a model-driven approach 
[19,18,11,12] in order to support designers to develop a 
conceptual multidimensional model and the automatic derivation 

of its corresponding implementation. 
In Fig. 1, we show a conceptual data modelling example for 
mining the represented data. In this example, a small organisation 
is trying to highlight patterns and trends in the evolution of the 
fish-species population along time. For accomplishing this task, 
the data under analysis must be specified by exploring the 
underlying multidimensional data of the data warehouse that 
stores them. The conceptual model of Fig. 1 has been defined by 
using our UML profile for multidimensional modelling [10]. This 

modelling paradigm that is implemented in our profile, enables 
designers to specify intuitive data models in terms of facts and 
dimensions of analysis that are employed to perform 
multidimensional analyses. Each fact contains several measures 
or fact attributes whose are described around several dimensions. 
On the other hand, each dimension represents an axis of analysis 
that is also described by means of several kinds of dimension 
attributes. In addition, typically, these dimensions contain 
hierarchies of aggregation that allow analysts to represent the 
factual data under different levels of detail or granularities. By 
using the multidimensional modelling, Fig. 1 shows the designed 
captures fact together with a set of four dimensions: fish, ship, 
time, and location. For each dimension, several levels are defined 
that form a hierarchy of aggregation. Locations have a <site, 
marine area, region> hierarchy, fish have a <species, genus, 
family> hierarchy, and the time dimension has the typical <day, 
week, month, quarter, year> hierarchy. Finally, ships have no 
hierarchies to be described, thus presenting only one aggregation 
level with data of the ship. From this conceptual model, an 
implementation of the required data structures can be 
automatically obtained tailored to several specific platforms, e.g., 
relational [15] or multidimensional [14]. 

3.2 MODELLING DATA MINING 
TECHNIQUES: THE TIME-SERIES 
ANALYSIS EXAMPLE 
On the other hand, after the phase of conceptual modelling the 
data under analysis we will be able to also design a conceptual 
model for applying a data-mining technique on the represented 

data. Due to the requirements for data mining involved in our case 
study, we select its time-series analysis. Therefore, we apply our 
UML profile for time-series analysis presented in [20]. This 
profile enables data miners to carry out time-series analysis by 
means of representing the typical modelling elements of this kind 
of technique. By using this modelling framework, in Fig. 2, we 
show the resulting time-series modelling for our case study in 
order to forecast the total number of carps captured per month. 
Typically, this modelling implies the definition of data-mining 

 

Figure 1. Multidimensional data modelling of the carp captures case study 
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settings (in this case, the “Carp Captures by Month”) that contains 
slots such as the periodicity one which can be set specific values 
for tunning the underlying data-mining algorithm. In addition, a 
data-mining technique is specified by means of modelling several 
data links to the underlying data warehouse and thus, to the 
presented multidimensional model (Fig. 1). For instance, for the 
time-series analysis in Fig. 2, we specify an input variable (the 

individuals) that also acts as output of the requested forecasting. 
Together with this variable, additional data can be specified for 
filtering the input data, e.g., carp species, and importantly, the 
time granularity that is always required during a time-series 
analysis (months in the case study). It is worth noting that the our 
comprehensive modelling solution enable analysts to easily drive 
the data-mining process at the first stage of the data-mining 
proces in an intuitive way that also is independent of any data-
mining platform. 

3.3 TRANSFORMATIONS FOR MODEL-
DRIVEN DATA MINING 
Whilst the derivation of the data under analysis is traditionally 
performed through a three-step process, analysis techniques such 
as data mining present different requirements for their 
development. In this section, a model-driven engineering 
approach for the deployment of data-mining models together with 
the data under analysis is described. 
The novelty of our approach is twofold: (i) it is based on defining 
vendor-neutral models of data-mining techniques together with 
the model of the underlying data warehouse, and (ii) the 
deployment of those data-mining techniques is done 
automatically. Therefore, on one hand, we use a modelling 
approach [26-28,20] for defining platform-independent models for 
several data-mining techniques. This approach is a high-level 
vendor-neutral modelling language to visually and easily specify 
analysis by means of applying data-mining techniques. 
On the other hand, this language is not directly implemented in 
any data-mining platform, and thus, it only acts as a blueprint of 
the executable analysis. Therefore, the model-transformation 
configuration has to be described in order to consider every kind 
of target platform from this platform-independent modelling 
language. In Fig. 3, we provide an overview of the required 

model-transformation architecture, stressing some of the current 
data-mining standards and platforms in the market. 
The conceptual data-mining modelling framework in data 
warehouses [26-28,20] is shown at the top of this model-driven 
architecture. Fig. 3 also shows the transformation paths to derive 
several implementations through mapping data-mining models to 
other languages that really have established an executable 

environment: CWM, XELOPES, DMX, or Weka acting as bridge. 
Depending to the characteristics of the analysis itself (e.g., the 
required technique) or the data-mining solution available (e.g., it 
can only be open-source platforms), we choose one of the 
transformation paths. Furthermore, Depending on the target-
language representation, model-to-model or model-to-text 
transformations could be needed. Therefore, some of the data-
mining solutions that are able to interpret the previous modelling 
languages are also represented in Fig. 3. On the lower side, some 
of the data-mining platforms are also represented. Whereas there 
are standards such as CWM that are vendor-neutral and many 
CWM-compliant tools can be considered (Oracle Miner3, 
CWM4ALL4, etc.), others such as DMX are commonly restricted 
to the platform for which they are originally were thought (the 
Microsoft’s in this case). 

Figure 3. Model-transformation architecture for model-
driven data mining Figure 2. Modelling time-series analysis on the 

multidimensional data of carp captures 

From a technical point of view, we propose the usage of the 
“model-driven architecture” (MDA) [17] in order to implement 
these transformations between data-mining models. Within an 
MDA-based approach the “query/view/transformation” (QVT) 
language can be used as a standard mechanism for defining formal 
relations between MOF-compliant models that allows the 
automatic derivation of a implementation. Nevertheless, there are 
transformations that are applied from models (i.e., MOF-based) to 
implement code (i.e., textual modelling languages). In these cases, 
MDA offers the “MOF models to text transformation” 
(Mof2Text) language that allows us to specify transformations by 
means of textual templates in order to automatically derive the 
corresponding implementation. 
 
 
 

                                                                 
3 URL: www.oracle.com/technology/products/bi/odm (June 2008) 
4 URL: www.cwd4all.com (June 2008) 
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Figure 4. Example of a Mof2Text transformation and the generated code  

3.4 EXAMPLE DATA-MINING 
TRANSFORMATION FOR A SPECIFIC 
PLATFORM 
Herein, we follow our case study for carrying out a time-series 
analysis of fish-species population (see Fig. 2&3), in order to 
automatically derive the implementation for a specific software 
platform5. Specifically, in this paper, we employ the Microsoft 
Analysis Services6 as the target platform. As we previously 
shown, this platform provides the DMX language to code data-
mining models. Therefore, given the time-series analysis model of 
Fig. 2, we have designed the required mapping from this model 
into DMX code. Due to the space constraints, we exclude an 
abstract specification of the involved mapping, also omitting an 
example transformation of the data under analysis that can be 
found in [11]. Nevertheless, in Fig. 4, it is shown the 
implementation of this mapping (left-hand side) over the Eclipse 
development platform. In order to accomplish this task, we have 
used the MOFScript7 plug-in for this platform. MOFScript is a 
transformation-language implementation of the Mof2Text 
standard language that enable us to specify model-to-text 
transformations in the “model-driven architecture” (MDA) [17] 
proposal. On the right-hand side, the resulting DMX code for the 
time-series analysis of Fig. 2 is shown. 
Given Fig. 4, the mapping overview is as follows: each time-
series analysis (represented by some kind of modelling element in 
the source metamodel) is mapped into a data-mining model in 
DMX (MINING MODEL instruction). Every parameter of the 
analysis technique is also mapped into their DMX counterpart. In 

                                                                 
5 We refer reader to [18,11] for a sample transformation of the data under 
analysis. 
6 URL: www.microsoft.com/sql/solutions/bi (June 2008) 
7 URL: www.eclipse.org/gmt/mofscript (June 2008)   

addition, the unspecified parameters in the conceptual model are 
later explicitly defined in the implementing code. On the other 
hand, each data under analysis (taken from the multidimensional 
model of the underlying data warehouse) is mapped into a data-
mining attribute in DMX (by defining a table and then creating its 
corresponding column). Once the mapping is correctly 
established, the MOFScript engine can interpret this one in order 
to translate a certain conceptual model of time-series analysis to 
the DMX code, and thus, implementing it in the Microsoft 
Analysis Services platform. Finally, within this solution, analysts 
can consult the data-mining results by visualising the obtained 
patterns and trends and extracting new knowledge from them. 

4. CONCLUSIONS 
Due to mathematical foundations of data-mining techniques, there 
are no formalised mechanisms to easily specify data-mining 
activities as a real software engineering process. In this paper, we 
propose a model-engineering approach for overcoming this 
limitation. On one hand, we provide a set of models to specify 
data-mining techniques in an vendor-neutral way that are close to 
the way of analysts thinking about data-mining (i.e., conceptual 
models). On the other hand, we provide transformations to 
automatically derive platform-specific models from the 
conceptual ones, altogether with the deployment of data under 
analysis [11,14]. Thus, analysts can only focus on data mining 
itself at an abstract level instead of distracting by details related to 
a certain vendor data-mining solution whilst the model 
transformations can automatically derive vendor-specific 
implementations in background for current data-mining platforms. 
Furthermore, our approach for data-mining modelling is also 
concerned about modelling the data under analysis, i.e., the data 
warehouse in order to provide analysts with a way of quickly 
understand for being close to their way of thinking about data. 
The data-mining techniques are smoothly integrated in this model.  
Therefore, the great benefit of our approach is that, once we have 
established the model-driven architecture for both data under 
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analysis and analysis techniques for data mining, analysts can 
model their data-mining related tasks easily in a vendor-neutral 
way whereas the model-transformations scaffolding is entrusted 
to automatically implement them in a certain platform. Our 
ongoing work covers other high-level mechanisms to specify 
data-mining related tasks. For instance, we will study how current 
goal-oriented approaches for requirement analysis [12] can help 
us to guide the selection of data-mining solutions. In addition, we 
are investigating on the integration of the proposed data-mining 
framework together with the analysis technologies traditionally 
employed in the data-warehouse domain. 
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A. CODE OF THE MODEL TRANSFORMATION EXAMPLE 

 texttransformation AST  (in um2DMX l:"http://www.eclipse.org/uml2/2.0.0/UML") { 

  uml.Model::

    name + ".sql") 

    "-- Time Series Analysis (" +  " " +  ")\n") 

 

    mapList_InstanceSpecification( packagedElement 

      -> s: uml.InstanceSpecification | is.hasStereotype("TSAnalysis"))) 

  } 

 

::mapList_InstanceSpecification(isl: List) { 

s: uml.InstanceSpecification = isl

 

 fis.map_InstanceSpecification() 

    isl is) 

    isl-> s: uml.InstanceSpecification) { 

      1) 

      is.map_InstanceSpecification() 

    } 

  } 

 

  uml.InstanceSpecification::map_InstanceSpecification() { 

    odel: uml.Model = namespace 

 

    "CREATE MINING MODEL '" + getAnalysisName() + "' {") 

 

    mapList_Usage(model.packagedElement-> : uml.Usage | 

      u.client .hasStereotype("IsCase") 

        .esTiempo())) 

 

    ul: List = model.packagedElement-> : uml.Usage | 

      u.client .esTiempo()) 

    eul: List = model.packagedElement-> : uml.Usage | 

      u.client .hasStereotype("IsInput")) 

    pul: List = model.packagedElement-> : uml.Usage | 

      u.client .hasStereotype("IsPredict")) 

    asoTiempo    : uml.Usage = ctul

    asoEntrada   : uml.Usage = ceul

    asoPronostico: uml.Usage = cpul

    opTiempo    : uml.Property = casoTiempo    .supplier

    opEntrada   : uml.Property = casoEntrada   .supplier.

    opPronostico: uml.Property = casoPronostico.supplier.

 

    1) 

    "'Time' TABLE (") 

 1) 

    propTiempo.map_Property() 

    ",") 

    1) 

    propEntrada.map_Property() 

    1) 

 

    1) 

    ")") 

 

    : List 

    sl.clear() 

    slot-> : uml.Slot) { 

      .definingFeature.name "numPeriods")) { 

        sl.

      } 

    } 

    mapList_Slot(sl) 

 

    1) 

    : List           = model.packagedElement-> : uml.Constraint) 

    : uml.Constraint = cl

    : Boolean        = true 

    "SELECT PredictTimeSeries(") 

    ) { 

      .specification.body  ", ") 

    } 

    : List     = slot-> : uml.Slot | "numPeriods". .definingFeature.name))

    : uml.Slot = sl

    .value .value + ")") 

    1) 

    "AS '" + propPronostico.class.name + "_" + propPronostico.name + "'") 

    "FROM '" + getAnalysisName() + "';") 

  } 

 

::mapList_Usage(ul: List) { 

    : uml.Usage = ul.

 

    fu.map_Usage() 

    ul u) 

    ul-> : uml.Usage) { 

      ",") 

      u.map_Usage() 

    } 

    ",") 

  } 

 

  uml.Usage::map_Usage() { 

    : uml.Property = supplier

 

    p.map_Property() 

  } 

 

  uml.Property::map_Property() { 

    : uml.Class = class 

    : String = c.name + "_" + name 

 

    1) 

    .hasStereotype("Fact")) { 

      "'" + s + "' DOUBLE PREDICT") 

    } .getDimension().getValue("Dimension", "isTime")) { 

      "'" + c.getDimension().name + "_" + s + "' LONG KEY TIME") 

    } 

      "'" + c.getDimension().name + "_" + s + "' TEXT KEY") 

    } 

  } 

 

::mapList_Slot(sl: List) { 

    : uml.Slot = sl

 

    "} USING Microsoft_Time_Series (") 

    fs.map_Slot() 

    sl. s) 

    sl-> : uml.Slot) { 

      ",") 

main() { 

file (self.

println ( date() + time() +

self.

select(i

  module

var fi .first() 

.remove(f

forEach(i

newline (

var m self.

println ( self.

select(u

.first() = self and u and 

not u

var ct select(u

.first() = self and u

var c select(u

.first() = self and u

var c select(u

.first() = self and u

var c .first() 

var c .first() 

var c .first() 

var pr .first() 

var pr first() 

var pr first() 

tab (

println (

tab (

println (

tab (

newline (

tab (

println (

var sl

self. forEach(s

if (not s .equals(

add(s) 

newline (

var cl select(c

var c .first() 

var b 

print (

if (b

print (c .first() +

var sl self. select(s equals(s

var s .first() 

println (s .first()

tab (

println (

println ( self.

  module

var fu first() 

.remove(f

forEach(u

println (

println (

var p self. .first() 

var c  self.

var s self.

tab (

if (c

print (

else if (c

print (

else { 

print (

  module

var fs .first() 

println (

remove(f

forEach(s

println (
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