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ABSTRACT trial or acohort study In a randomized controlled study, there are

In this paper, we discuss a problem of finding risk patterns in med- two groups, a treatment group and a_contrc_al group. The treatment
ical data. We define risk patterns by a statistical metric, relative group receives the treatment under investigation, and the control

risk, which has been widely used in epidemiological research. We group recgives either no treatmgnt or some standard default treat-
characterise the problem of mining risk patterns as an optimal rule _ment. Patients are ra_ndomly assigned to all groups. A c_;ohort S_tl.de
discovery problem. We study an anti-monotone property for min- 'S @ study vyhere patients who presently have a certain gondmon
ing optimal risk pattern sets and present an algorithm to make use ofand/or fege'_v‘; a pak:tlcular trea_trt?ent ﬁre foIIovg_a(_j ove;rtllme ﬁnd
the property in risk pattern discovery. The method has been app“edcorgpgre Wg a;]not \er group Vr\:!t ?Utt 0se con Ltjlons. 1 cohort
to a real world data set to find patterns associated with an allergic StUdY 1S used when itis not ethical to assign random patients to a

event for ACE inhibitors. The algorithm has generated some useful harmful practice, say smol_<in_g, for a randomized controlled study.
results for medical researchers. Instead the cohort study will find a group of people who smoke and

a group of people who do not, and follow them forward through

. . . i hat health I h lop. 1] f
Categorlesand SubjectDescrlptors time to see what health problems they develop. See [1] for more

details.
H.2.8 [Database Managemerjt Database Applications-Bata min- However, the comparison has usually been made by manually
ing; J.3 [Life and Medical Science§ Health operating some data analysis tools, e.g. SPSS. This is a labor in-
tensive process, and the comparison is very difficult to be exhaus-
General Terms tive and it is very difficult to apply to high level interactions, for

example, combination of 3 or 4 exposure variables. Data mining
is a booming and comprehensive research area and a lot of novel
methods dealing with large data sets have been proposed in the last
Keywords decade. There are thousands of publications in data mining, but
Relative risk, rule, optimal risk pattern set, medical application ~ Very few of them focus on applications on medical data. The fol-
lowing are some possible reasons.
1. INTRODUCTION _ l_Jnderstgndablllty of results Data mining results are typlcglly
) o difficult to interpret, and much effort is necessary for domain ex-
qur the years hospitals and cll_nlcs have collected a hugg amoyntperts to turn the results to practical use. In general, users do not care
of patient data. These data provide a base for the analysis of riskpgy sophisticated a data mining method is, but they do care how
factors for many diseases. For example, we can compare canceynderstandable its results are. Therefore, no method is acceptable
patients with non-cancer patients to find patterns associated withjn practice unless its results are understandable. However, a lot of
cancer. This method has been common practi@vidence-based  yata mining methods have not achieved this goal yet. For example,
medicine which is an approach to practising medicine in which a it js difficult to interpret results from neural networks.
clinician is aware of the e\{ldence in ;upport of F:Ilnlcal practice, Decision tree, typified by [14], can be extended to rules [15], and
and the strength of that evidence. It is an effective way to gener- heir results are more straightforward to interpret. They have been
ate hypotheses for further study, such asmdomized controlled  sed to solve classification problems in medical data analysis [10,
19]. However, C4.5 does not work well on the skewed cases in
medical data where the normal population greatly outnumbers the
Permission to make digital or hard copies of all or part of this work for popucl:a’\tllgn7w(l;[h dlSﬁeaSE. Other rU|eb|baSEd classification methods,
personal or classroom use is granted without fee provided that copies are®-9: [7, 6], suffer the same problem. .
not made or distributed for profit or commercial advantage and that copies Amount of results The quantity of output from many data min-
bear this notice and the full citation on the first page. To copy otherwise, to ing method is often unmanageable. For example it is quite impos-
republish, to post on servers or to redistribute to lists, requires prior specific sible for domain experts to review a huge number of association
permission and/or a fee. rules. Association rule mining has been used in medical data anal-

KDD’05, August 21-24, 2005, Chicago, lllinois, USA. : L . . .
Copyright 2005 ACM 1-59593-135-X/05/000835.00. ysis. Brossettet al[4] found association rules in hospital infection

Algorithm, performance
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control and public surveillance data. Paetal[13] found associa- Gender| Age | Smoking | Blood pressurg ... | Class
tion rules in septic shock patient data. Too many rules is a problem| M 40 - 50 Y high ... | abnormal
in both projects. Sequence patterns have been found in chronichept M 20-40 N normal ... | normal
atitis data by Ohsakét al[12], and on adverse drug reaction data F 20-40 N normal ... | normal
by Chenet al [5]. However, these cases result in too many trivial

and similar patterns which is also a problem in the research.

Parameter Tunjng Many fast heuristic data mining methods The data set is usually very large and skewed, e.g. in a million
need a lot of tuning and they are not easy for users to use. Foryecords 99% are normal. This is because a disease is usually rare in

example k-means clustering method can generate some very good comparison with the healthy population. In the following we refer
results that are competitive with some advanced clustering meth-1 the abnormal class hyand the normal class by.

ods, but the adjustment of parameters and initial setting are tedious \ye call a set of attribute-value paiaspattern, e.g. {Gender =

for many users. Similar problem exists in the setting of supportand \ Age in [40,50} is a pattern with two attribute-value pairs.

confidence thresholds for association rule mining. The support of patternP is the ratio of the number of records
Efficiency Many optimal data mining methods are not efficient - containingP to the number of all records in the data set, denoted

enough for the user interaction in practice. An optimal method py supp(P). When the data set is large, we hawepp(P) ~

needs less tuning than a heuristic method but it is usually time con- ;o1 (p).

suming. In practice, data mining is a user interactive process and  p pattern is usually called frequent if its support is greater than

therefore efficiency is very important. However, the efficiency of 4 given threshold. However, in a medical data set, a pattern in the

many data mining methods needs further improving. abnormal group would hardly be frequent since the abnormal cases

For example, association rule mining is still inefficient when  are rare. Therefore, we define tioeal support of P as the support
the minimum support is low. Some optimal rule discovery meth- of p iy the abnormal group, represented as

ods, e.g. PC optimality rule mining [2] and optimal class associ-

ation rule set mining [9] are significantly more efficient and less Isupp(P) = 7supp(P Ua)

restricted by the minimum support. In this paper, we shall show supp(a)

that mining risk patterns can be considered an optimal rule mining others have called this the recall of the e = a) [11]. We
problem, and an efficient algorithm can be employed. prefer to call it local support since it observes the anti-monotone

Interestingness MeasureAnother important factor is that risk  property of the support. In this paper, a patterfrégjuent if its
patterns are not in line with most data mining objectives. Most |ocal support is greater than a given threshold.
data mining algorithms aim to uncover the more frequent patterns. A pattern separates all records into two groups, a group with the
In medical applications, the risk patterns usually exist in a small hattern and another without the pattern, e.g. male between 40 and
population. For example, a very small percentage of people are g gnd the rest.
HIV positive or develop cancer. However, risk patterns are also  cohorts separated by a pattdPrand thea andn classification
not exactly outliers or exceptions, which also has been studied [8]. form a contingency table.
The reason is that among the small percentage of positive samples,

we do want to see frequent patterns. Hence this requires a special abnormal ¢) | normal (2) total

measurement of interestingness. P prob(P, a) prob(P,n) prob(P)
There are a lot of proposed interestingness criteria for associa- —P | prob(—=P,a) | prob(—P,n) | prob(—P)

tion rule mining, and a comprehensive comparison has been con- total prob(a) prob(n) 1

ducted in [17]. Some evaluation work on medical data sets has
been reported in [11]. However, most criteria do not make sense
to medical practitioners. So we should use those have been used i
medical research, such as, relative risk and odds ratio.

Relative risk for the cohort with pattern® being abnormal is
rplefined as the following.

RR(P) = prob(a|P)/prob(a|-P)
In the paper, we will present an efficient method to exhaustively prob(P,a) ,prob(~P, a)
find all high risk patterns in high level interactions and present un- = prob(P) / prob(—P)

derstandable results to medical practitioners.
supp(Pa) ,supp(—~Pa)
supp(P) * supp(—P)

2. PROBLEM DEFINITIONS supp(Pa) supp(—~P)

We shall introduce the problem based on the scenario of the med- supp(—Pa) supp(P)
ical data, where we are given a target disease or identified risk.
There is a large collection of patient records. Each record contains —P means thaP does not occurPa is an abbreviation oPUa.
a number of attributes, and one of the attributes is the target. Thesupp(—P) is the fraction of all records that do not contdh and
target variable can take two possible values: normal and abnormal.—Pa refers to the records containiagout not P.

Q

A patient without the disease or risk under studypasmal other- Relative risk is a metric often used in epidemiological studies.
wiseabnormal For example, ifP is smoking, the abnormal is lung cancer, and

RR = 3.0, then this means people who smoke are three times
2.1 RIisk patterns more likely to get lung cancer than those who do not.

Consider a relational data set, where records are classified as twoo dﬁgori]t'ec: stgtéscjtlsc?;frrg)e;r;]c dorfcteellgt'uzer('jsllg zfédsg:]'sgg'ﬁfl ,sz[ulg)r/ I:r
distinct categories, i.e. normal and abnormal. An example of such odds ratilo -Ieads toa Ilar er relati\;\é rislk and vice vlersa l Undergthe
a data set is listed as follows. g ’ ’

rare-disease assumption, the odds ratio approximates the relative
risk [3]. The odds ratio is usually used @ase control studiesin
this paper we make use of the relative risk.
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Definition 1 Risk patterngre frequent patterns whose relative risks In the above example, the first pattern will not be in the optimal
are higher than a threshold. risk pattern set because it is a super set of the second pattern but
has lower relative risk.
A risk pattern is in fact a rule targeting the abnormal class. Since We are aware that some interesting patterns may not be in the
we are only concerned with the abnormal class, we omit the target optimal risk pattern set. We use an example to show our points.
of a rule and call it a pattern. Suppose that we have the following three patterns:
Our primitive goal is to find all risk patterns in a large data set. (1) PVD = T with RR 3.0,
(2) SEX=F and PVD =T with RR 2.0 and
2.2 Classification and association rule mining  (3) SEX=M and PVD =T with RR 4.0.
do not work well Patterns (2) and (3) are very interesting since any record with
PVD =T will be explained by one of them. However, pattern (2) is

This problem looks like a traditional classification problem, but excluded by the optimal risk pattern set.

all existing classification methods, e.g. C4.5 [15], do not work well This is a typical example showing that we need patterns in the
on these highly skewed data sets. The problem lies with the accu- yp P 9 P

racy measurement for this problem. For example, assume a data se\f\{hoIe range of relative risk, both small and large. Howeyer, con-
contains 100 abnormal cases and 9900 normal cases. Any noises ir§|der that we have generated thousands of patterns. Which patterns

) 2
the normal class, say 1%, overwhelm all patterns in the abnormal should we choose to present to users? Normally, we have to rely

class. Therefore, no accurate rules can be found for the abnormalogt:e Pr:st\/r\;?th Ilnglirrggstﬁ/’eltri!ssktvk\]/ﬁl T)'SI: L%l?;gzr:'%é As a result,
class. Furthermore, most classification systems employ a default® One goal of this research is to identi%y some %V\Slsi)gle hiah risk
prediction. In this case, setting the default to be normal will give 9 P 9

99% accuracy but this accuracy has no meanings for medical IoraC_patterns for further studies. For the easy examination by domain

titioners. Although C4.5 has suggested some remedies for skewedeXpertS’ the found risk patterns are further reduced to representative
data fro.m our experiehces it is still short of solving the problem. patterns by a high relative risk criterion. Therefore, patterns with

Another important factor, which is different from classification IOvﬁtrerre?tsl\;r?arllls:;h;‘v?ntneorggt?nnce Z\?tgfnzr\?vsi;n:ﬁdrfor;;?i:/sé risk
rule mining, is that doctors or patients are interested in knowing the 9p 9

increase in risk of a certain pattern over cases without the pattern.ggesi:d(?g:'rfi'ee‘?é dthﬁgrr:iz\snrepggzﬂﬁeﬁggtloz\;\grrr]e(lg;'\sfgjﬁ da;i d
For example, how much would smoking increase the chance of lung y ' ple, P

cancer. This is a comparison between the chance of lung cancer ir]identified as an interesting pattern by domain experts. Patterns (2)

the smoking population versus the chance of lung cancer in the will be retrieved easily. This has been done in our rule exploration

. - . I stage.
non-smoking population. Conventional classification results would . . .
not directly give such an indication. Therefore, we may focus on the patterns with higher relative

The primitive goal looks like that of association rule mining, but risks in pattern generation stage, and ignore the patterns with lower

an association rule mining algorithm is not suitable for this prob- relative ”.Sks since otherwise re§ults W'." be qonfused. .
lem. Association rule mining finds rules whose support and confi- . Our primary goal tu.rns to to f'nd. optimal risk paftern sets since
dence are above some minimum thresholds. Rules in the abnormal|t accounts for the major computational cost.

class are easily ignored since they are lowly supported. Also, it

is very difficult to find high confidence rules since confidence is 3. ANTI-MONOTONE PROPERTY OF
an accuracy measurement and suffers the same problem discussed OPTIMAL RISK PATTERN SETS

previously. Further, we are interested in rules that generate patterns - ) . )
of high relative risk instead of high confidence rules. In this section, we will explore an anti-monotone property to sup-

We may alter an association rule mining algorithm for this pur- Port efficiently mining optimal risk pattern sets. )
pose. We may restrict the results to patterns that are frequent in the 1he following are some notations that are used in the following
abnormal class only, assuming a support threshold is given for the l€mma and corollary. _ . )
abnormal class. We may also replace the confidence by the relative % S @ proper super pattern éf with one additional attribute-
risk in association rule mining. However, too many rules from an Value pairz. To make the result general and be applicable to mul-
association rule mining algorithm scare away users, and low effi- tiPle classes, we usea to stand for classes that are not abnor-
ciency with a low support constraint hinders the users’ interaction. Mal. In the two class case shown in the previous sectians= n.

We have the following relationshipsupp(—a) = 1 — supp(a),

2.3 Optimal risk pattern sets supp(P-a) = supp(P) — supp(Pa), andsupp(Pz-a) =

We follow the track of association rule mining, and will solve supp(Pz) — supp(Pza).

two problems: too many rules in the result and low efficiency with
a low support constraint. Lemma 1 Anti-monotone property
Many patterns from association rule mining are not of interest if (supp(Px—a) = supp(P—a)) then patternPz and all its super

to users (since we consider one class only, rules are equivalent topatterns do not occur in the optimal risk pattern set.

patterns.). For example, we have two patte{®EX = M and HRT- . -

FAIL = T and LIVER = T} with relative risk 2.3, and HRTFAIL PROOF. We omit proof here because of space limit.]

=T and LIVER = T} with relative risk 2.4. SEX = M in the first ) )

pattern does not increase relative risk and hence the first pattern From the above lemma, we can adopt a pruning technique as fol-

is superfluous. Thus we introduce the optimal risk pattern set to [OWS: once we observe that any pattern, &g, satisfying

exclude these superfluous patterns. supp(Pz—a) = supp(P-a), we do not need to search for its su-
per patterns, e.gPQx since their relative risks cannot be greater
than those of their sub patterns, e §(Q. PatternPz is also re-

Definition 2 A risk pattern set is optimal if it includes all risk pat-  moved sinceRR(Pz) < RR(P).

terns except those whose relative risks are less than or equal to that The lemma is followed by a corollary.

of one of their sub patterns.
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Corollary 1 Closure property 6) Then remove candidat® 1 pq
if (supp(Pz) = supp(P)) then patternPx and all its super pat- 7) Return(l + 1)-pattern set
terns do not occur in the optimal risk pattern set.
Line (5) is implemented by the anti-monotone properties of fre-
This corollary is closely association with non-redundant associ- quent patterns and optimal risk patterns.
ation rule mining [18] becausk is a proper generator dfx when In the proposed algorithm, patteff is frequent ifssl?;);i;;) >

supp(Pz) = supp(P). A non-redundant association rule setis |, gther words, it is frequent in sub data set contairinghis is

generated from a set of minimal generators. Consider this corol- because the data set can be very skewed, andaigamot frequent
lary is a special case for the anti-monotone property, and hence;, ihe whole data set. '

mining optimal risk pattern sets does not make use of all minimal
generators and is more efficient. .
Corollary 1 is used in a similar way as Lemma 1. The condition Function 2 Prune({ + 1)-pattern set)

for Corollary 1 is stricter than that for Lemma 1. 1) For each patterrfiin (I + 1)-pattern set
2) If supp(Sa)/ supp(a) < o then remove patter§
3) Else if there is a sub patter$ in [-pattern set
4. ALGORITHMS ) ) _ such thatupp(S’) = supp(.S) or
A naive method to find an optimal risk rule set is to post-prune supp(S'—a) = supp(S-a)
an association rule set but this may be very inefficient when the 4) Then remove pattersi
minimum support is low and the data set is large and dense. 5) Return

Our optimal risk pattern mining algorithm makes use of the anti-
monotone property to efficiently prune searching space, and this Line (3) and (4) are implemented according to Lemma 1 and Corol-
distinguishes it from an association rule mining algorithm. lary 1. They are very effective and the resultant algorithm is signif-

The efficiency of an association rule mining algorithm lies in jcantly more efficient than an association rule mining algorithm.
its efficient forward pruning infrequent itemsets. An itemset is fre-
quent if its support is greater than the minimum support. Anitemset  An optimal risk pattern set is significantly smaller than an associ-
is potentially frequent only if all its subsets are frequent, and this ation rule set, but is still too big for medical practitioners to review
property is used to limit the number of itemsets to be searched. Thethem all. We may only returk top patterns with the highest rela-
anti-monotone property of frequent itemsets makes forward prun- tive risk but they may all come from a dense section of the data set
ing possible. and lack the representation for all abnormal cases.

Lemma 1 and Corollary 1 are used to forward prune of risk pat-  In order to account for all known abnormal cases, we aim to
terns that do not occur in the optimal risk pattern set. When a pat- retain one risk pattern with the highest relative risk among a number
tern satisfies the condition of Lemma 1 or Corollary 1, all its super of patterns for each case. We use the following method to select a
patterns are pruned. A pseudo-code algorithm for mining optimal small set of representative patterns to present to users.
risk pattern sets is presented in the following.

Algorithm 2 Selecting Representative Risk Patterns
Input: data setD, and optimal risk pattern seR.
Output: representative risk pattern skt

Algorithm 1 Mining Optimal Risk Pattern Sets

Input: data setD, the minimum suppott in abnormal class, and
the minimum relative risk threshotd

Output: optimal risk pattern se® 1) SetR =0

(Note: Ani-pattern containg attribute-value pairs.) 2) For each record- in D belonging to clasa

3) Find all patterns inR that are subsets of

Global data structurei-pattern sets foi </ 4) Add the pattern with the highest relative riskRb

1) SetR=10 _ 5) Sort all patterns inR’ in the RR decreasing order

2) Count support of 1-patterns in abnormal class 6) Returnk’

3) Generate 1-pattern set

4) Select risk patterns and add them/to As a result, each abnormal recordfinhas its own representative

5) new pattern set- Generate(2-pattern set) risk pattern inR’ whenever possible. Through the above selection,

6) While new pattern set is not empty the number of patterns becomes quite manageable.

7) Count supports of candidates in new pattern set We do not throw away the remaining risk patterns. Instead we

8) Prune(new pattern set) organize them into a tree structure and hide them behind each repre-

9)  Selectrisk patterns and add them/to sentative pattern by using a hyper link. As a result, medical practi-

10)  new pattern set- Generate(next level pattern set) tioners can easily examine the representative patterns and find their

11) Returnk related patterns. This is very useful for finding the evolution of
relative risk.

The above algorithm is self-explanatory. We list two important
functions as follows.

5. AN APPLICATION

Function 1 Generate(l + 1)-pattern set) This method has been applied to a real world project of detect-

/Il Combining ing adverse drug reactions. The project has been sponsored by the
1) Let(l + 1)-pattern set be empty set Australian Commonwealth Department of Health and Aging. The
2) For each pair of patterns; _1p andS;_1¢ in I-pattern set data set used is a linked data set of hospital, pharmaceutical and
3) Insert candidates;_1pq in (I + 1)-pattern set medical service data.

// Pruning When a new drug is introduced, unexpected side-effects may go
4) Forall S; C Si—1pg unnoticed until a large number of cases are reported. It is of im-
5) If S; does not exist ik-pattern set portance both financially and socially to detect the adverse effects
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early. We apply our proposed technique on this problem. In partic-
ular we focus on the study to determine how ACE inhibitor usage Survival Anlaysis of Pattern 1 (blue one, P-value=4.2229e—09)

is associated with Angioedema.

1.000

ACE inhibitors are used to treat congestive heart failure (CHF)
and high blood pressure (hypertension). ACE inhibitors may also
be prescribed to patients after a heart attack or to patients with
certain kind of kidney problems, especially with diabetes. An-
gioedema is a swelling (large welts or weals), where the swelling
is beneath the skin rather than on the surface. It is associated with
the release of histamine and other chemicals into the bloodstream,
and is part of the allergic response. The swelling may occur in the
face, neck, and in severe cases may compromise breathing.

Our goal is to identify what types of patients are at risk of An-
gioedema after taking ACE inhibitors. The data for this task con-
sists of all patients exposed to ACE inhibitors. Clasmcludes
all patients who got Angioedema after taking ACE inhibitors, and
classn (or —a) includes all the other patients taking ACE inhibitors ‘ ‘ ‘ ‘ :
but without Angioedema. 0 20 40 60 80

Patients are described by 12 general attributes, such as age, gen-
der, indigenous status, the total number of bed days and the eight
hospital diagnosis flags, and 15 pharmaceutical attributes, i.e. 14
ATC (Anatomical and Therapeutic Classification) level-1 drugs and
the total number of scripts. Numerical attributes are discretised fol-
lowing the instructions of domain experts.

The data set contains 132000 cases, where only 114 are allergic
cases. Therefore, the data set is highly skewed.

We set the minimum local support as 0.05, the maximum number
of attribute-value pairs in a risk pattern as 4, and the minimum rel-
ative risk as 2.0. The program finished within 1 minute. It returned
417 risk patterns, and 37 representative patterns.

The following are the first three representative patterns with the
highest relative risk.

Probability of No Admission for Angioedema

0.970 0.975 0.980 0.985 0.990 0.995

Age of Patient

Survival Anlaysis of Pattern 2 (blue one, P-value=2.9257e-05)

0.996 0.998 1.000
|

Probability of No Admission for Angioedema
0.994
!

Pattern 1: RR =3.99

0.992
|

e Gender = Female

e Hospital Circulatory Flag = Yes (‘) 2‘0 4‘0 e‘o s;o

e Usage of Drugs in category “Various” = Yes )
Age of Patient

Pattern 2: RR = 3.82 Survival Anlaysis of Pattern 3 (blue one, P-value=2.5506e—09)

e Age> 60

e Usage of drugs in category of “Genito urinary system and sex
hormones” = Yes

0.998
|

Usage of drugs in category of “Systematic hormonal prepara-
tions” = Yes

Pattern 3: RR =3.41

0.994

e Usage of drugs in category of “Genito urinary system and sex
hormones” = Yes

e Usage of drugs in category of “General anti-infective for sys-
tematic use” = Yes

e Usage of drugs in category of “Nervous system” = No

Probability of No Admission for Angioedema
0.990

Most found patterns are of great interest to domain experts and
verified by them. We have conducted further statistical analysis,
e.g. the survival analysis and significance test [16], to evaluate the 0 20 40 60 80
statistical significance of found patterns. Age of Patient

The survival analysis is concerned with the modelling of ‘life-
time’ data. We estimate the survivor functiét{t), by the prob-
ability of non-admission to hospitals for Angioedema at age
distinguish the subgroup described by the pattern from the others.
In addition, we use log-rank test, a formal measure of the strength
of evidence that two populations have different lifetimes. It is to
detect a difference between groups when the survival curve is con-
sistently higher for one group than another.

0.986
|

Figure 1: Survival analysis charts of the first three patterns.
Blue lines (inside fillings) indicate patient groups identified by
the patterns and red lines (inside shades) for the other patients.
Fillings and shades show confidence intervals. The groups iden-
tified by patterns have significantly higher probability of hospi-
tal admission for Angioedema than the other patients for age
50 and above.
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Figure 1 presents the estimated survivor functions of the groups [3] G. V. Belle. Statistical rules of thumbailey-Interscience,

identified by patterns (within the filled blue regions) and the other New York, 2002.
patients (within the shaded red regions). Filled blue regions and [4] S. E. Brossette, A. P. Sprague, J. M. Hardin, K. W. T. Jones,
the shaded red regions indicate their confidence intervals respec- and S. A. Moser. Associarion rules and data mining in
tively. Clearly, for the age 50 and above, the groups identified by hospital infection control and public health surveillance.
patterns have significantly higher probability of hospital admission Journal of American Medical Informatics Associatigages
for Angioedema than the other patients. 373 -381, 1998.

A pattern is statistically significant if it has a low P-value. The P- [5] J. Chen, H. He, G. J. Williams, and H. Jin. Temporal
values of the log-rank test of the patterns are much lower than 0.01. sequence associations for rare eventédmances in
For example, P-values for the above three patterng.arg 10~°, Knowledge Discovery and Data Mining, 8th Pacific-Asia
2.5 x 107°% and2.6 x 10~° respectively. This also suggests that Conference (PAKDD)pages 235—239, 2004.

the sub-groups described by patterns are overwhelmingly different [} p, Clark and R. Boswell. Rule induction with CN2: Some

from the other patients. _ recent improvements. IMachine Learning - EWSL-91
Both statistical evaluations conclude that the proposed method is pages 151-163, 1991.

able to find statistically significant patterns from a large and skewed [7] P. Clark and T. Niblett. The CN2 induction algorithm.
data Sets'. . . L Machine Learning3(4):261-283, 1989.

In the final presentation, we show evolution of relative risk of [8] J. Laurikkala, M. Juholal, and E. Kentala. Informal
each pattern, and some patterns that are not in the optimal risk pat- identification’of 6utliers in’ medicél data -a 65 20 — 24
tern set will be rediscovered. An example for showing evolution of -Pag '

Pattern 1 is shown in Figure 2 Berlin, 2000.
[9] J. Li, H. Shen, and R. Topor. Mining the optimal class
Pattern 1: RR = 3.99 association rule sekKnowledge-Based System
Gender = Female 15(7):399-405, 2002.
Hospital Circulatory Flag = Yes [10] J. Liand L. Wong. Using rules to analyse bio-medical data:
Usage of Drugs in category “Various” = Yes A comparison between c4.5 and pcl.Rroc. of Advances in
Web-Age Information Managemeptges 254-265, 2003.
Sub pattern: RR =1.82 [11] M. Ohsaki, S. Kitaguchi, K. Okamoto, H. Yokoi, and
Gender = Female T. Yamaguchi. Evaluation of rule interestingness measures
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