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Abstract

The iHealth Explorer tool, developed by CSIRO and
DoHA, delivers web services type data mining and an-
alytic facilities over a web interface, providing desk-
top access to sophisticated analyses over very large
data collections. The tool allows users to access large
transactional datasets to create profiles of selected
patients. The patients’ profiles, together with win-
dowed event sequences data, can then be analyzed us-
ing a user chosen data mining tool. The results of the
analysis can then be visualized using various forms
of knowledge representation methods. Although the
initial implementation of the tool is focused on its
application in adverse drug reaction exploration, this
tool and the embedded data mining tools can be used
in broad areas of health data analysis.

Keywords: web services, health data, adverse drug re-
action, data mining, record linkage, association, clas-
sification

1 Introduction

As storage capacity increases exponentially, more and
more transactional data is being collected by various
industries. The health industry is no exception. For
example, there are 5.7 million hospital admissions,
210 million doctor’s visits, and a similar number of
prescribed medicines dispensed in Australia annually.
Records of all of the above listed transactions are cap-
tured electronically. There are trillions of medical
records stored world wide every year. Unfortunately,
such valuable available data is not being appropri-
ately utilized to provide useful evidence as a basis
for future medical practice. Easy to use and readily
available analysis tools are urgently needed (Roddick,
Fule & Graco 2003, Cios & Moore 2002). Data min-
ing techniques have been applied for health admin-
istration (Kum, Duncan, Flair & Wang 2003, Rao,
Sandilya, Niculescu, Germond & Rao 2003), adverse
drug reactions (Murff, Patel, Hripcsak & Bates 2003,
Harvey, Turville & Barty 2004, Chen, He, Williams
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& Jin 2004) and drug safety (Almenoff, DuMouchel,
Kindman, Yang & Fram 2003, Wilson, Thabane &
Holbrook 2004), and there are also concerns about
network architecture for health research data analy-
sis (Taylor, O’Keefe, Colton, Baxter, Sparks, Srini-
vasan, Cameron & Lefort 2004).

In this paper, our attempt towards a web based
health data analysis tool with an intuitive and effi-
cient graphical user interface is described. The initial
implementation is focused on adverse drug reaction
exploration. This will be extended to allow users to
explore health data for other objectives.

An important part of any system or tool is the
delivery framework; the way in which the user comes
about receiving and is presented with the content.
This is especially true in the area of analytics, where
it is not uncommon for the user to be confronted with
summaries and analysis of large amounts of data.

We present a tool that was developed by CSIRO
and DoHA called iHealth Explorer as an example of
a delivery framework for analytics. In this particular
case, the tool is designed to perform summary and
analysis operations on large amounts of health data,
and to display the results to the user in a comprehen-
sible manner.

iHealth Explorer is a data exploration tool de-
signed for use with health data. The tool provides the
user with a web based interface to a suite of summari-
sation and analysis methods, including data mining
methods. The tool allows the user to generate sub-
sets of the main dataset, and perform further analyses
on these subsets. Various visualisation methods are
available to better convey the results to the user.

The web-based approach to content delivery has
several merits.

• Distribution: Web based content is easily dis-
tributed across the Internet, and therefore
around the world.

• Security: Modern Internet architecture allows
easy security implementation for isolated, in-
tranet, extranet, or Internet access.

The user interface has been designed with the as-
sistance of medical professionals that are representa-
tive of the end-users. The graphs and other visual
aids have been designed to be most understandable
by these users.

At present, the tool is primarily designed for the
discovery of adverse drug reactions. Adverse drug re-



Figure 1: Tool front-end

actions are the unintended medical consequences of
treatment with pharmaceuticals. They can vary in
severity between minor nuisance and death (Murff
et al. 2003). These reactions may or may not be
previously known. iHealth Explorer can be used to
discover and rank the risk of such unintended out-
comes. The software can thus make a risk assessment
of selected adverse reactions, identify associated risk
factors and generate hypotheses for further clinical
testing.

2 iHealth Explorer

iHealth Explorer is a tool that provides researchers,
and regulators with a unified interface for viewing
and analysing large amounts of electronic health data.
iHealth Explorer provides a suite of tools that allow
the user to summarise the data for easier interpreta-
tion, and to perform complex data mining analyses
to discover, for example, adverse reactions to partic-
ular drugs. The web-based delivery platform allows
for easy distribution across large organisations and
government departments. Data mining methods such
as association and classification analyses have been
employed. It is envisaged that this system will be
further developed to perform a wide range of data
mining analyses on many different sources of health
data.

2.1 Tool Front-end

This first page provides the user with an optimised
interface for performing different types of analyses.
The system will determine the appropriate analyses
from the user’s choices.

• Choosing general system options.

– Dataset: allows the user to choose the
dataset to use as the source of the data.

– Window size: allows the user to choose the
number of days to use as the data window.

• Case and/or exposure selection
The choice made here will determine what type
of analyses are performed. E.g. if both a case
and an exposure is chosen, a cross-analysis on
the case and exposure will be performed. Cases
are indicated by an identifier followed by a code.
The identifier indicates what type of code will
follow. For example, in “D:9951” the “D” in-
dicates that the code will be an ICD9 code, and

Figure 2: Dataset summary

Figure 3: Case analysis

“9951” is the code for Angioneurotic Edema (An-
gioedema) (Reid, Euerle & Bollinger 2002). Ex-
posures are indicated in the same way. For ex-
ample, in “W:C09A” the “W” indicates that the
code is a WHO code and the “C09A” is the code
for ACE Inhibitors.

2.1.1 Dataset Summary

Summary information about each dataset is available.
This feature displays information about the current
dataset, such as file name, date, size, and number of
records, as shown in Figure 2.

2.1.2 Create New Dataset

This feature will be used to create new datasets, de-
fined by a set of constraints defined by the user. Con-
straints will include options such as which features to
include, date range of records to include, and records
matching particular criteria.

2.2 Case Analysis

When the user selects only a case to be analysed,
the case analysis summary page will be displayed as
shown in Figure 3. The table presented here contains
a summary of the selected cases within the dataset.
The first row in the table shows the number of cases
and non-cases, that is, the patients who have been
admitted for the selected case, and the patients who
have not. If a high level code (3 digit) was chosen,
sub-codes will be included. For example, if the user
chose “530” as the case, “5301”, “5302”, etc. will be
included.

The remaining rows in the table show the break-
down of individual sub-codes that were found in the
dataset.

Short descriptions are available for all types of
cases.

Further analyses are listed in the menu bar.

2.2.1 Association Analysis

Association analysis uses a tool called Magnum
Opus (Webb 2000) to discover exposures that cause
a high risk of being admitted into hospital for the
chosen case.

All of the patterns are listed for particular age and
gender groups, as shown in Figure 4.



Figure 4: Association analysis

Figure 5: Sequence analysis

Patterns are sorted by their risk factor (called
Odds Ratio, which is defined in Equation 3). The
higher odds ratio means that patients fitting the pat-
tern are more likely to be admitted to hospital for the
chosen case.

2.2.2 Sequence Analysis

Sequence analysis uses the tool called SLP-
Miner (Seno & Karypis 2002) to discover sequences
of exposures that cause a high risk of being admitted
to hospital for the chosen case.

All of the patterns are listed for particular age and
gender groups, as shown in Figure 5.

Patterns are sorted by their risk factor (Odds Ra-
tio). A higher odds ratio means that patients fitting
the pattern are more likely to be admitted to hospital
for the chosen case.

2.3 Exposure Analysis

When the user selects only an exposure to be anal-
ysed, the exposure analysis summary page will be dis-
played as shown in Figure 6. The table presented on
this page contains a summary of the selected exposure
within the dataset. The first row in the table shows
the number of exposures and non-exposures, that is,
the patients who have experienced the selected expo-
sure, and the patients who have not. If a high level

exposure was chosen, sub-codes will be included. For
example, if the user chose “C09A” as the exposure,
“C09AA01”, “C09AA02”, etc. will be included.

The remaining rows in the table show the break-
down of individual sub-exposures that were found in
the dataset.

Short descriptions are available for all types of ex-
posures.

2.4 Case and Exposure Analysis

When the user selects a case and an exposure to anal-
yse, the case and exposure analysis page will be dis-
played as shown in Figure 7.

The table shows the number of patients that have
been exposed to the chosen exposure, admitted for
the chosen case, exposed and admitted, and neither.
The table also shows the row and column totals (to-
tal exposures, non-exposures, cases, non-cases, and
population).

Comments on the chosen case and exposure com-
bination by other system users may be displayed if
they are available.

Graphs are displayed to summarise the popula-
tion. Age, gender, total number of scripts, and tem-
poral information are represented.

For example, if ace-inhibitor is chosen as exposure
and angioedema is chosen as case, the age distribution
can be displayed as in Figure 8.

Figure 8 shows that the adverse reaction happened
to the patients of age ranged 20+ with median around
65. This is in excellent agreement with the cases re-
ported to TGA by 1996. Further analyses are listed
in the menu bar.

2.4.1 Classification Analysis

The objective of the classification analysis is to iden-
tify the factors which increase the risk of some ad-
verse drug reaction. We use the association classi-
fication algorithm (Li, Shen & Topor 2002, Gu, Li,
He, Williams, Hawkins & Kelman 2003) to find rules
(or patterns) which identify patient subgroups with a
high proportion of patients with target events. This
approach can be used to determine higher risk patient
groups. The output is in the form of rules, that con-
sist of patient attributes that lead to a high risk of
being admitted to hospital for the chosen cases.

As shown in Figure 9, rules are sorted by their risk
factor (called heuristic risk ratio, see, e.g., Equation 4
in Section 3.2). The higher heuristic risk ratio means
that patients fitting the rule are more likely to be
admitted to hospital for the chosen cases when they
have been exposed to the chosen exposure (Newman
2001). Each rule has a survival graph and probability
tree displayed with it.

Figure 6: Exposure analysis



Figure 7: Case and exposure analysis

We take one rule discovered for the ACE inhibitor
and Angioedema combination as an example to illus-
trate the functionality of iHealth Explorer.

Rule 6: Risk Ratio = 3.3

• Alimentary tract metabolism = No
• Genito urinary system and sex hormones =

Yes
• General anti-infectives for systematic use =

Yes,

where Risk Ratio indicates the heuristic risk ratio.
This rule describes a sub-group of patients who

have not claimed any Pharmaceutical Benefit Scheme
(PBS) items (such as drugs) falling in the category of
“Alimentary tract metabolism”, have claimed PBS
items falling in categories of “General anti-infective
for systematic use and Genito urinary system and sex
hormones” during the period of study. There are 13
cases among 114 that satisfy Rule 6, and 5,000 non-
cases among 131,886 satisfied Rule 6. The risk ratio
is 3.3.

Figure 10 presents the estimated survivor func-
tions of the subgroup described by Rule 6 (the one
within the filled (blue) region) and the other patients
(within the shaded (red) region). The filled (blue) re-
gion and the shaded (red) region indicates their con-
fidence intervals, respectively. Clearly, for the age
range from 60 to about 80, the subgroup indicated by

Figure 8: Age distribution of patients with an-
gioedema and exposed to ace-inhibitor

Figure 9: Classification analysis

Rule 6 has significantly higher probability of hospital
admission for Angioedema than the other patients.
Moreover, we conduct the log-rank test which is likely
to detect a difference between groups when the sur-
vival curve is consistently higher for one group than
another. The P-value of the log-rank test is 5.0583e-
09, which is much lower than 0.01. It also suggests
that the sub-group described by Rule 6 is overwhelm-
ingly different from the other patients.

3 Data Mining Methods

3.1 Association

The aim of associations analysis is to discover the
associations between some drug usages and the spec-
ified diseases without prior knowledge. The associa-
tions discovery in the context of Adverse Drug Re-
actions can be described as a two phases approach.
The first one is focused on pattern generation. The
second one is focused on pattern evaluation. For pat-
tern generation, the windowed PBS sequences of case
patients are mined to yield association and sequential
patterns of drugs. Then case control matched popula-
tions are exploited for pattern evaluation (Williams,
He, Chen, Jin, McAullay, Sparks, Cui, Hawkins &
Kelman 2004).

Figure 10: Fleming-Harrington survival analysis of
Rule 6 for the ACE inhibitor and Angioedema com-
bination.



We define cases as patients with the target hos-
pitalisation event, and non-cases as patients without
(but with any other hospitalisation event). For each
case, we find N matching “controls”, where the gen-
der, age group, and month of admission of the first
hospitalisation event of the control matches the gen-
der, age group, and month of admission of the first
target hospitalisation event of a case. Cases and non-
cases that have a first month of admission before 1
July 1995 and after 30 June 1999 are excluded (these
are the limits of the data used). We gathered 15 con-
trols per case for Angioedema and Hepatitis, and 4
controls per case for Esophagitis due to the large num-
ber of case patients.

After the match process by gender, age and hospi-
talisation month, both the case and control popula-
tions are partitioned into six gender and age groups
i.e. males < 20 years of age, males 20 − 59 years of
age, males ≥ 60 years of age, females < 20 years of
age, females 20 − 59 years of age and females ≥ 60
years of age.

Note that there are 2, 137 and 12 patients for the
three studies respectively dropped because they have
the hospitalisation events outside of the regular four
year window.

Note that hospitalisation month is ignored in this
partition, because the partitioned populations are
quite small for both Angioedema and Hepatitis cases,
and it makes frequent patterns mining over such par-
titioned populations meaningless. As a result, we
mine frequent patterns directly from the windowed
sequences of case population for a gender and age
group, it means that we put the windowed sequences
of case patients with different hospitalisation months
together and ignore the differences among hospitali-
sation months.

For each association or sequential pattern mined
from the case population for a gender and age group, a
list of contingency tables illustrated by Table 1 are de-
rived for the gender and age group, where k is the in-
dex of hospitalisation month. This 2×2 table denotes
the frequencies with or without a pattern in both
case and control population in the kth hospitalisation
month for the gender and age group. Then Cochran-
Mantel-Haenszel Chi-Squared Test is exploited to cal-
culate odds ratios (Williams et al. 2004). The estima-
tion of a common odds ratio is calculated by the equa-
tion given in (Agresti 1990, 230-235), where checking
the common odds ratio assumption is important.

Disease(Yes) Disease(No)

Pattern(Yes) n11k n12k

Pattern(No) n21k n22k

Table 1: Contingency table

For the three case studies, both association and
sequence patterns are mined by using Magnum Opus
and SLPMiner respectively. The association and
sequences analysis on the three case studies are
performed without any prior knowledge about the
association of drugs and hospitalisation.

3.2 Classification

Adverse drug reactions are rare events. In the clas-
sification task, the patients with the target event are
classified as class 1 and other patients are class 0 pa-
tients. As class 1 is a very small class, commonly
applied classification methods, where the purpose is

to achieve high classification accuracy, do not work
well. The objective here is to identify the factors
which increase the risk of the adverse drug reaction.
We use the Association Classification Algorithm (Li
et al. 2002) to find rules which identify patient sub-
groups with a high proportion of patients with tar-
get events. This approach can be used to determine
higher risk patient groups. The algorithm developed
by Li et al (Li et al. 2002) generates the optimal class
association rule set. Their recent work shows that the
optimal class rule set achieves a very high classifica-
tion accuracy.

However, our data set has very unbalanced classes
(e.g., 116 patients with angioedema versus 131,884
without angioedema, in the case of the AA data set).
Our main interest is in finding rules (or cohorts) which
lead to higher occurrences of the target patients than
the average occurrence. Traditional classification ap-
proaches search for the rules represented by patterns
which have high global support and high confidence.
Since the “normal” group comprises more than 99%
of all cases in the adverse drug reaction data, the class
of interest is given little attention by the algorithm.
A new approach has been developed to handle this
situation, typical of adverse drug events, where the
key events of interest occur infrequently in the data.
The new approach uses interestingness and local sup-
port measures (as defined by Equations 1 and 2) to
overcome this problem. It aims to identify rules that
identify cohorts in which the occurrence of the rare
event is high. As a result, the new approach increases
classification accuracy of Class 1 patients. For the
sake of simplicity, the new algorithm is referred to
as LiRule hereafter. “Local support” is defined by
Equation 1.

lsup(A → C) =
sup(A → C)

sup(C)
(1)

Here sup(C) and sup(A → C) represent the sup-
port (or proportion or relative frequency) of Class C
in the whole population and the support of pattern A
in Class C respectively.

Another criterion used in our rule discovery is “in-
terestingness” as defined by Equation 2.

Interestingness(A → C) =
lsup(→ C)∑

i(lsup(A → Ci)
(2)

The algorithm will output rules which give high
“risk ratio” or “odds ratio”values for Class 1. When
the rules or patterns are identified, a contingency ta-
ble is formed as shown in Table 2.

Class C Not class C Total

Pattern A a b a+b
Not Pattern A c d c+d

Table 2: Contingency table

The odds ratio is then defined in Equation 3.

OR(A → C) =
ad

bc
(3)

Similarly the risk ratio is defined in Equation 4.

RR(A → C) =
a(c + d)
c(a + b)

(4)



As in our study the population of class C is very
small (unbalanced classes), therefore a << b and
c << d, the RR is very close to OR.

The developed new algorithm has applied to the
case studies assigned by our domain experts, and part
of the output rules have been evaluated by using their
domain knowledge and the survival analysis as well.

4 Health Data (QLDS)

The Queensland Linked Data Set has been used as
the data set in the initial test of concept phase. This
data set has been made available under an agreement
between Queensland Health and the Australian De-
partment of Health and Ageing (DoHA). This data
set links de-identified patient level hospital separa-
tion data (for the period between 1 July 1995 and 30
June 1999), Medicare Benefits Scheme (MBS) data,
and Pharmaceutical Benefits Scheme (PBS) data (1
January 1995 to 31 December 1999) in Queensland.

Each record in the hospital data corresponds to
one inpatient episode. Each record in MBS corre-
sponds to one MBS service for one patient. Similarly,
each record in PBS corresponds to one prescription
service for one patient. As a result, each patient may
have more than one hospital, or MBS or PBS record.
Each patient is assigned to a unique identifier, mak-
ing it possible to link the records of each patient in
the three separate data sets (or tables). The data
were linked using Medicare numbers with particular
attention to privacy protection and used encryption
of identifying keys.

The QLDS contains records for 1,176,294 individ-
uals who were hospitalised in Queensland between
1995 and 1999. The QLDS therefore roughly cov-
ers 35 percent of the Queensland population. The
QLDS contains 3,087,454 hospital records, but due to
missing Medicare numbers in some hospital records,
this does not represent every record for that period
of time. The QLDS also contains the Medicare and
pharmaceutical records for these 1,176,294 individu-
als as listed in Table 3 .

Hospital
Records Individuals

3,087,454 1,176,294

Medicare
Records Individuals

100,738,822 1,169,471

Pharmaceutical
Records Individuals

61,431,235 733,335

Table 3: QLDS Summary

5 Conclusion and Future Work

We have demonstrated an early implementation of a
health data analysis tool with a user-friendly inter-
face. The tool enables health researchers, regulators
or other interested users to access health data and
data mining tools through a world wide web interface.
The initial implementation on adverse drug reaction
exploration allows users to identify risk factors and
high risk groups for adverse drug reactions. It also
allows a search for possible unknown drugs responsi-
ble for adverse reactions without prior knowledge.

Further work is planned on iHealth Explorer, in-
cluding enhancements to existing features, adding
more features, e.g., automatic ADR detection (Jin,

Williams, He, Chen & McAullay 2004), outlier de-
tection (Yamanishi, ichi Takeuchi, Williams & Milne
2004), cluster analysis (Jin, Leung & Wong 2002, Jin,
Wong & Leung 2003) and its visualisation (Jin, Shum,
Leung & Wong 2004), and increasing the capability of
the system. The underlying data mining and statisti-
cal methods would be developed further, to improve
efficiency and accuracy.
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