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Knowledge discovery in red-world databases requires a broad scope of techniques
and forms of knowledge. Both the knowledge and the gplied methods dhould fit the
discovery tasks and should adapt to knowledge hidden in the data. PKDD2001
Discovery Challenge will encourage a ollaborative reseach effort, a broad and
unified view of knowledge and methods of discovery, and emphasis on business
problems and solutions to those problems. Unlike the competitive dharader of KDD
Cups, we emphasizethe wllaborative nature of the knowledge discovery process

The Discovery Callenge is organized around the Thormbosis data. This data set
was used aso in the past challenges in 1999and 2000. One reason for thisis rather
pragmatic: it is difficult to get red world data set avail able. The second reason is, that
the results obtained so far till have apreliminary charader and the data experts are
interested in further analyses. Because of coll aborative paradigm of the challenge, the
past results were avail able to al participants.

A sesdon at the PKDD2001 conference has been organized to summarize the
main findings and problems generated by the Challenge. 5 papers will be presented at
this sssion. In the proceedings, the papers are ordered aphabeticdly acording to the
first author.

We wish to expressour thanks to the data providers, the aithors, aswell asto all
adive Discovery Chall enge participants.

We wish espedally adknowledge the important contribution of Jan Zytkow. Jan not
only came with the ideaof organizing discovery cdlenges at the PKDD conferences
but also dd alot of work when preparing and cleaning the Thrombosis data.

Petr Berka,
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Katsuhiko Takabayashi,
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Challenge and Data Description






The PKDD Discovery Challengeson Thrombosis Data

Petr Berka

Laboratory for Intelli gent Systems,
University of Econamics,
W. Churchill Sg. 4, Prague 3
berka@vse.cz

Abstract. The dam of the Discovery Challenge workshops held during PKDD
conferences is to encourage a oll aborative reseach effort when analyzing red
world data. For PKDD’99 and PKDD2000 two data sets were avail able; from
the financia and from the medicd domain, for PKDD2001 only the medicd
data ae used. There ae two hasic types of contibutions to the Challenge; in
“method aiented” papers the authors describe their own approach and use the
data mainly for demonstration, in “problem oreinted” papers the authors tried to
solve aproblem that can be interesting for the end user.

1 Discovery Challengesat the PKDD Conferences

The d@m of the Discovery Challenge workshops held during PKDD conferences is to
encourage a ollaborative reseach effort when analyzing red world data. The idea
came from Jan Zytkow, who suggested to arganize such an event during PKDD©99 in
Prague. In contrast to competitive nature of KDD Cups held within KDD
Conferences, the Discovery Chall enge emphasises the aped of cooperation.

Two data sets were available for the PKDD’99 and PKDD2000 Discovery
Challenges. In the financial domain, the dataset describes clients of a bank, their
acounts, transadions, permanent orders, granted loans and issued credit cards. In the
medicd domain, the dataset describes patients with collagen diseases. The
PKDD 2001 Challenge is organized only around the medica data.

Each participant could use any KDD techniques and discover as much knowledge
as posshle. Idedly each contribution includes the proposed business objedives
(goals that may be of interest to database users), a brief summary of datamining
effort, presentation of the discovered knowledge, and an explanation for database
users how they can apply the discovered knowledge.



2 Medical Domain - the Thrombosis Data

The Thrombaosis Data for the PKDD 1999 Discovery Challenge were organized into
threetables, TSUM_A, TSUM_B, TSUM_C. The tables can be mnneded by the ID
number unique for ead patient. Table TSUM_A gives basic information about
patients (input by doctors). This dataset includes al patients (about 1000 records).
Table TSUM_B gives edal laboratory examinations (input by doctors) (measured
by the Laboratory on Collagen Diseases). This dataset does not include dl the
patients, but includes the patients with these spedal tests. The datain table TSUM_C
are data aout laboratory examinations gored in Hospital Information Systems
(Stored from 1980 to March 1999); al the data include ordinary laboratory
examinations and have temporal stamps. The tests are not necessarily conneded to
thrombosis.

For the PKDD2000Discovery Challenge, the data was restructured into 7 tables to
eliminate problems with multi-valued attributes in the original tables (for details e
the data description by Zytkow and Gupta in this volume). The same data tables are
used also for the dhallenge this yea.

3 ThePKDD experience

Altogether ten papers on the thrombosis data analysis have been presented at the
PKDD'99, PKDD2000 and PKDD2001 conferences. Most of the contributions ded
with the dassificaion of thrombosis, but there have dso been papers deding with
temporal aspeds of the data. We can distinguish two basic types of the contributions.
The “method/algorithm oriented” papers focus on describing a new approach or
system and use the data more or lessfor demonstration of the feaures of the method.
The “problem oriented” papers try to formulate (and solve) a problem which can be
interesting for end users or domain experts. Tables 1-3 summarize dl the papersin
terms of solved problem (task), described KDD steps, used mining algorithms and
used system. All the papers are avail able from web at http://lisp.vse.cz/chall enge.

Table1l. PKDD’99 results

1st. author K DD task KDD steps DM method tool
Beilken correlations | vizualization Display InfoZoom
between correlations (own)
lab. Test +
thrombosis
Levin predict yes/no | description asciationrules, | WizWhy
thrombosis ranking objeds (own)
Taylor predict preprocessng, | clasdficaion and
thrombosis, | clasdfication regresson trees
diagnoses




Table 2. PKDD 2000 results

1%. Author K DD task K DD steps DM method tool
Meidan predict yes/no | description asciationrules, | WizWhy
thrombosis ranking objeds (own)
Tawfik causal and preprocessng, @ Statisticd Tetrad
tempora description, techniques
patterns (clasdfication)  (Bayesian
networks)
Table3. PKDD 2001 results
1%. Author K DD task K DD steps DM method tool
Boulicaut Classify preprocessng, @ asciationrules, | acminer-12
collagen description clasdficdionrules | (own)
disease
Coursac classfy preprocessng, dedsion trees and C5.0
thrombosis clasdfication rules
Jensen classfy CRISP-DM neural networks, Clementine
thormbosis dedsion rules,
sequneceanalysis,
association rules
Werner classfy clasdfication genetic LilGP
severity of programming (own)
disease
Zytkow classfy description, SQL,
severity of clasdfication, | contingency tables
disease interpretation

4 Thrombosisdata a another challenges

Beside the PKDD conferences, another challenges used the Thrombosis data &
well. In September 1999 Shusaku Tsumoto organized a speda sesson in the 38"
SIG-FAI and the 45" SIG/KBS of Japanese Society for Artificial Intelligence
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Guideto Medical Data on Collagen Disease and
Thrombosis

Jan Zytkow, Shishir Gupta

Department of Computer Science, UNC Charlotte, Charlotte
North Carolina, USA
shishir@shishir.net

Abstract. Collagen diseases are often dangerous and can be lethal. A severe
complicaion common to those diseases of auto-immune system is cdled
thrombosis. It occurs when blood vessls are dogged by coagulation o blood.
Data relevant to the analysis of patients with collagen dseases and thrombosis
have been donated to the discovery challenge in the hope that the discovered
knowledge will ill uminate the medchanisms responsible for collagen dseases
and will help to diagnose and predict attadks of thrombosis. Two previous
discovery challenges, at PKDD-99 in Prague and PKDD-2000 in Lyon, brought
preliminary results avail able to all participants in the new challenge. It seems
that the thrombosis data offer a potential for much more knowledge. We made a
number of improvements to the original, raw thrombaosis data during the two
yeas sncethey beame available. The data ae now avail able in the format of
seven files, eah representing one relational table that can be diredly loaded
into arelational database.

1 Thrombosisand collagen diseases data: medical problems

Coll agen diseases are disorders of auto-immune system. Patients generate anti-bodes
which attadk their own bodes. That may result in a loss of life, when anti-bodes
paralyzethe organ where they develop. For example, if a patient generates anti-bodes
in lungs, (s)he will chronicdly lose the respiratory function and finally will | ose life.
Little is known abou the mechanisms resporsible for those diseases and their
clasgficdion is still fuzzy. Some patients may generate many kinds of anti-bodes and
they can manifest in all the charaderistics of coll agen diseases.

Thrombasis is one of the most important and severe complicaions in collagen
diseases, and one of the mgor causes of deah. Thrombosis is an increased
coagulation of bloodwhich clogs bloodvessls. Usualy it lasts sveral hours and can
reped. It has been found that this complicaion is closely related to anti-cardiolipin
antibodes. This was discovered by physicians, one of whom donated the dataset to
discovery challenge.



Thrombasis is an emergency. It is important to predict the posshbility that it will
ocaur. It is also important to deted that it occurred and to capture tempora patterns
spedfic and sensitive to attadks of thrombosis. Thrombosis can arise from different
collagen diseases which in turn can help predict thrombosis. Doctors are moreover
interested in classifying collagen diseases and in temporal patterns gedfic and
sensitive to ead coll agen disease.

Many other problems may be solved with the Thrombasis Data and the Challenge
isopento al of them.

2 TheThrombosis Data tables

The patients belong to three caegories:

First type: a patient followed at outpatient clinic in University hospital, but no
speda examinations are made for this patient. Those patients do not suffer from
thrombosis. [ These patients have their ID's listed in PATIENT_INFO but not in
ANTIBODY_EXAM andrelated tableg]

Seoond type: a patient followed at University Hospital and spedal examinations are
made for this patient. [These patients have their ID's listed bah in
PATIENT_INFO, in ANTIBODY_EXAM andrelated tablesand in LAB_EXAM]

Third type: a patient is not followed at University Hospital, but spedal
examinations are made for this patient. About 400 ptients in
ANTIBODY_EXAM and related tables are belonging to third type. But they are
not followed at University Hospital, they do not have temporal data. [These
patients have entries in PATIENT _INFO and ATNIBODY_EXAM and related
tables but not in table LAB_EXAM]

The Thrombosis Data mnsist of seven tables. Note that the dtributes that belong to
the key are emphasized in boldface &d underlined.

By joining several tables useful information can be extraded. The dfed of various
Collagen Disease can be studied on both sexes and their corresponding ages. The
effect of various anti-body concentrations and degree of Coagulation of blood with
resped to them can be studied and useful patterns can be found which can help usin
classfying collagen diseases and thrombosis. Further more the @ncentrations of
various anti-bodes with resped to various other parameters from the normal
laboratory examination can be studied and temporal pattern spedfic/sensitive to
thrombosis and coll agen diseases can be found.



21 TablePATIENT_INFO

Table PATIENT_INFO includes al the data of patients who are followed by doctors
at the outpatient clinic in University Hospital at least for several months. The primary
data of the patient are recorded when the patient first comes to the Outpatient clinic.
Thistable mwnsists of 1239records.

Table2. Table PATIENT_INFO

ITEM EXPLANATION ORACLE
TYPE
ID Patient's unique identificaion varchar(32)
Sex Patient's sx char(1)
Birthday Patients date of birth date
Description Date First date when the patient was| date
recorded
First Date Day the patient came to the hospital date
Admission Admitted after diagnosis: char(1)
'+' => Admitted to hospital
- => Foll owed at the outpatient clinic

It may be useful to study the dfed of antibodes on males and females sparately as
their effed and prediction of thrombosis could differ with sex. Age ould be an
important fador, too.

Normally the data analysis gtarts from description-date. If, however, the patient
had Laboratory Examinations done before this date, description-date can be used as
the date the disease(s) was first deted.

2.2 TableDIAGNOSIS
Table DIAGNOSIS lists al collagen diseases the patient is uffering from and
recognized by the doctor, but also ather diseases, observations and symptoms. This

table montains 1942records.

Table 3. Table DIAGNOSIS

ITEM EXPLANATION ORACLE TYPE
ID Patient's unique identification varchar(32)
Diagnosis Single value of Diagnosis varchar(32)
The date of the exam.

Exam Date |First Datein case of table TSUM_A date

Exam Datein case of table TSUM_B
Status Disease Status: char(1)

'~' => Suspeded.

'+' => Confirmed.




From Table| From which table the data was taken: char(2)
'DT' =>TableTSUM_A
'ST' =>TableTSUM B

Link the DIAGNOSIS table to ANTIBODY-EXAM(s). In case of conflicting
diagnoses, the diagnoses from table PATIENT_INFO are more recent than diagnoses
from ANTIBODY_EXAM.

Closer analysis of the Diagnosis field reveds that string "susp” is appended to some
attribute values of Diagnosis and per documentation it means that there diagnosis
have not been confirmed and the doctors only susped that the patient could be
suffering from the disease. To acaommodate this information a new column needs to
be alded to the "DIAGNOSIS' table. Hence we have the table definition as below.
The "diag" column indicates if the diagnosis is confirmed '+' or is suspeded '~'. Also
ohserved "diagnosis’ coming out of TSUM_A and here esentialy are the same and
hence @n be combined by adding an extra mlumn to indicae which table this is
coming from.

23 TableANTIBODY_EXAM

Thistable reports on spedal laboratory examination performed on some patients. The
data mnsists of various anti-body levels, blood coagulation levels and degree of
thrombosis at the time when thrombosis happened. The table dso includes the tests
when thrombaosis was suspeded but it did not occur. Thistable includes 801 records.

Attributes ACL 1gG, aCL IgM, ANA, aCL IgA refer to the anti-body concentrations
present when thrombosis gruck. As anti-cardiolipin antibodes are linked to
thrombosis, their concentrations at the time of thrombosis occurrence will be very
useful in determining the temporal patterns edfic/sensitive to thrombosis.

Table4. Table ANTIBODY_EXAM

ITEM EXPLANATION ORACLE
TYPE

1D Patient's unique identificaion varchar(32)

Exam Date Also the date when thrombosis gruck date

aCL 1gG Anti-Cardioli pin antibody 1gG concentration number

aCL IgM Anti-Cardioli pin antibody IgM concentration number

ANA Anti-Nucleus antibody concentration number

aCL IgA Anti-Cardioli pin antibody IgA concentration number
Test of coagulation

KCT '+' => Above Normal ' =>Normal varchar(1)
Test of coagulation

RVT '+' => Above Normal - =>Normal varchar(1)
Test of coagulation

LAC '+' => Above Norma '-' =>Normal varchar(1)




Degreeof Thrombosis:

0 => Negative (None)
Thrombaosis 1 => Positive (Most Severe)
2 => Positive (Severe)

3 => Positive (Mild)

number

24 TableANA_PATTERN

Table ANA_PATTERN has 656 records.

Table5. Table ANA_PATTERN

ITEM EXPLANATION

ID Patient's unique identificaion

Exam Date| The date of the exam.

Pattern Pattern observed in the shee of ANA Exam:

'P => Periphera Pattern  [DNA]

'S => Speckled Pattern [ENA,NAPA]
'N' => Nucleolar Pattern [Nucleolar body]
'D' =>Discrete Speckled  [Centromere]

] => Spedfic Locdion of Antibody
{..... } => Corresponding Diseases.

{SLE, PSS MCTD, DLE, §S, DILE}

'H" => Homogeneous Pattern [DNP-Histon, Histon]
{SLE,DLE,DILE,SSPSSRA}
{SLE,MCTD,SS,PSSPM/DM,DEL,RA}
{PSSSLE,S S}

{CREST,PS$

2.5 TableTHROMBOSIS

Table THROMBOSIS stores data on all thrombosis attacks, 195 reaords.

Symptoms: Since this multi-valued attribute refers to symptoms observed in a
patient and has no beaing on any Collagen disease, (or there is no sufficient data
to link them to a Coll agen disease in particular) this attribute may not have agrea

ded of significancein our analysis process

Thrombasis: This attribute states the degreeof thrombosis at the time of the dtadk
and should be useful in finding temporal patterns a spedfic or senstive to the
disease. This attribute can also help us in seaching for patterns which deted &

predict thrombaosis.




Table6. Table THROMBOSIS

ITEM EXPLANATION ORACLE
TYPE
1D Patient's unique identificaion varchar(32)
Attack Date Date of Thrombosis attadk. date
For 'Symptom' thisis the Exam Date.

Symptom Symptom observed during attack. varchar(32)
Attack number [Number for 1-5; up to 5 attadks per patient. number

0 => Symptom

1 => Symptoml

2 => Symptom?2

3 => Symptom3

4 => Symptom4

5 => Symptom5

2.6 TableLAB_EXAM

This table contains laboratory examinations gored in Hospital Information System
(57542 records). All data include ordinary Laboratory exams and have temporal
stamps. These tests are not necessarily conneded to thrombasis.

{-,+-,+} isausua notation in medicd "qualitative" tests. "-" is negative (in normal
range), "+-" is not negative but at the border of normal range, "+" means positive, or
abnormal. {-,+-,+} can be observed in a smple test: usualy, eah symbal
corresponds to a range of "quantitative” values. "-" is equivalent to quantitative
statements, such as <8, if N<8 isthe normal range.

Although the majority of test results are numbers, other values cause problems.
Consider values such as ~"$>107$' for the predominantly numericd attribute PLT in
TSUM_C. Many attributesin TSUM_C include such values. They are dlowed since
data types are strings rather than numbers. We ca understand the awnvenience of the
value "$>107$' when the test is not exad. But this value is hard to compare with
numerica values. String values alow neither the use of number ordering, nor other
numericd relations. Unfortunately, there is no quick solution. The normal values of
PLT are between 100 and 40Q so we can include $>107% into the normal range,
but any detailed number assignment may cause significant error. On the other hand a
combination of numericd and non numericd values impedes the use of many
knowledge discovery toals.

The test attributes listed in table have normal ranges gedfied as metadata: N<20;
40<N< 400 ; N=-; N= + The value TR of U-PRO means "error in measurement due
to a problem with the submitted blood serum."




Table7. TAbleLAB_EXAM

ITEM EXPLANATION ORACLE TYPE
1D Patient's unique identificaion varchar(32)
Date Examination Date date
GOT Normal Range : N < 60 number
GPT Normal Range : N < 60 number
LDH Normal Range : N <500 number (Exceptions!!)
ALP Normal Range : N < 300 number
TP Normal Range: 6.0 <N <85 number
ALB Normal Range: 3.5<N <55 number
UA Normal Range: N > 8.0 (Mae) number
N > 6.5 (Female)
UN Normal Range: N < 30 number
CRE Normal Range: N <1.5 number
T-BIL Normal Range: N <2.0 number
T-CHO Normal Range: N < 250 number
TG Normal Range: N <200 number
CPK Normal Range: N < 250 number (Exceptions!!)
GLU Normal Range: N <180 number
WBC Normal Range: 3.5<N<9.0 number (Exceptions!!)
RBC Normal Range: 3.5<N < 6.0 number
HGB Normal Range: 10< N <17 number
HCT Normal Range: 29< N <52 number
PLT Normal Range: 100< N <400 | number (Exceptions!!)
PT Normal Range: N <14 number
Note Note varchar(10)
APTT Normal Range : N <45 number
FG Normal Range: 150< N <450 number
AT3 Normal Range: 70< N < 130 number
A2PI Normal Range: 0<N <30 a TR number
U-PRO Normal Range : number (Exceptions!!)
IGG Normal Range : 900< N < 2000 number (Exceptions!!)
IGA Normal Range : 80 < N <500 number (Exceptions!!)
IGM Normal Range : 40< N <400 number (Exceptions!!)
CRP Normal Range: N = +, -, +- varchar(4) (Exceptions!!)
orN<1.0
RA* Normal Range: N = +, - or +- varchar(4)
RF Normal Range : N < 20 number (Exceptions!!)
C3 Normal Range : N > 35 number (Exceptions!!)
C4 Normal Range: N > 10 number (Exceptions!!)
RNP* Normal Range: N = +, - or +- varchar(4)
SM* Normal Range: N = +, - or +- varchar(4)
SC170* Normal Range: N = +, - or +- varchar(4)
SSA* Normal Range: N =+, - or +- varchar(4)




SB* Normal Range: N = +, - or +- varchar(4)

CENTROMIA* Normal Range: N =+, - or +- varchar(4)

DNA Normal Range: N <8 number

DNA-II Normal Range: N <8 number

*Some values of this attribute ae listed as 2, 4, 8, 16, 32, 64 ... They are interpreted
as: Lessthan 16->"'

Equalto 16->'+-'

Greder than 16 -> '+'

2.7 TableDISEASE

This table lists al the diseases as diagnosed by the doctors. It also contains remarks
against the diagnosis if one is available. Many vaues of diagnosis name ollagen
diseases, but some others refer to non-coll agen diseases, observations and symptoms.

The table includes 65 records.

Table8. Table DISEASE

ITEM REMARKS ORACLE TYPE

Disesse Name| The name of the disease. All the values| varchar(64)
occur inthe DIAGNOSIS Table.

Disease Type The type of the disease
'C' => Collagen disease
‘D' => Non-coll agen disease varchar(1)
'N' => No dagnosis
‘0" => Observation

Comments Doctor's commentsif any varchar(128)

3 Brief history of the challenge on Thrombosis Data

Three ontributions were made to the September 1999 Prague Challenge chaired by
Petr Berka (Beilken & Spenke, 1999 Levin et al. 1999 Taylor, 1999). Also in
September 1999 four contributions were made to a workshop in Japan chaired by
Shusaku Tsumoto (Ichise & Numao, 2000 Nakamoto, Yoshida & Suzuki, 200Q
Negishi, Suyama & Yamaguchi, 2000 Tsukada, Inokuchi, Washio & Motoda, 2000.
Two contributions were submitted to PKDD-2000 Challenge in Lyon (September
200Q Meidan et al. 2000, Tawfik & Strickland, 2000). Most of the aontributions are
interesting but the results are preliminary. The most interesting results were obtained
by Beilken and Spenke's Infozoom, which cgptures not only reasonable rules from
antibody exams but also very interesting temporal patterns of laboratory tests before
the thrombosis episode. Other rule induction methods obtain reasonable results but
did not induceinteresting temporal patterns.



4 The raw Thrombosis data

The raw Thrombosis Data for the 1999 Discovery Challenge were organized into
threetables, TSUM_A.CSV, TSUM_B.CSV, TSUM_C.CSV (for simplicity we will
skip the extensions .CSV). The tables can be wnneded by the ID number unique for
ead patient.

Each patient first came to the Hospital's Outpatient Clinic on collagen diseases, as
recommended by a home doctor or a general physician in a locd hospital. The
primary data on the patient were recorded at that time. TSUM_A table mnsisted of
approximately 1240records and contained that information. The table was defined in
detail by Tsumoto (199). Besides ID the atributes included sex birthday, the first
date when patient's data were recrded, the date when the patient came to the
hospital, whether the patient was admitted to the hospital or foll owed in the outpatient
clinic. The last attribute was DIAGNOSIS. This was a multi-valued attribute and
upon closed examination the values turned out to belong to severa caegories, only
some diredly related to coll agen diseases.

The table TSUM_B included spedal results obtained in the Laboratory on
Collagen Diseases. The data were input by doctors. They only include the patients
who wnderwent those spedal tests. The data include patient 1D, examination date,
concentrations of three anti-cardiolipin antibodes (IGG, IGM, 1GA), anti-nucleus
antibody concentration (ANA), ANA patterns (a multi-valued attribute), three
measures of degree of coagulation (KTC, RVVT, LAC). One atributes described
degreeof thrombaosis, whil e two other multi-valued attributes described diagnosis and
symptoms. The problems with multi-valued attributes are similar to diagnosis in
TSUM_A. One can assume that the examination date was frequently close to the
date of thrombasis.

The third table, TSUM_C, included ordinary laboratory examinations, one record
per one date of the tests. Distinct attributes permit storage of values of 42 spedfic
tests recorded. ID is aforeign key to TSUM_A and TSUM_B. Many records with
dates that stretch over along time are avail able on some patients, raising a posshility
of time-series analysis. Badkground knowledge available on attributes in TSUM_C
included the range of normal values of ead test and the meaning of ead test
described in one or afew words.

5 Enhancementsprior to PKDD Challenges 2000 and 2001

The past chalenges demonstrated that multi-relational and multi-valued data ae
difficult for knowledge miners. Tools are not available aad problems go beyond
traditional tasks of PKDD. Further problems are presented by string-valued attributes
and by misdgng criticd information on the dates of thrombasis attadks. Upon closer
inquiry it turned out that some of the patients suffered multiple atacks of thrombosis,
and many of relevant data were not included in TSUM_B.



5.1 String vaues

String format caused problems. It is vulnerable to miselled values, different
spadng in disease names, and ather non-essential changes. While some values could
be eaily identified by commas ("SLE, PM, PSS'"), many cases required help from
database provider, for instance

"ANA infarction+ R[-784] C, PH,throm bophlebitis".
The same diagnosis occurred under diff erent names, such as

CHRONIC EB

CHRONIC EB MRUSINFECTION

CHRONIC EBV

CHREB

Value identificaion is a cae-by-case dfort that is espedaly helpful when the
number of records with a particular string value is snall, so that by recognizing the
same values records can be ungrouped and significance of findings can improve.

5.2 Temporal information missing on thrombosis attacks

The guide to 1999 TSUM_B says that the tests in the Laboratory on Collagen
Diseases were related to thrombosis attacks, so that the date of attack and dete of the
exam were similar. But this can be true only to a degree For instance the
thrombosis attribute indicaes that many patients did not suffer from thrombosis, so
the exam recorded in TSUM_B may not follow a thrombosis attack. Second, doctors
know that some patients suffered more than one atack. Upon closer investigation it
turned out that the dates of multiple dtadks can be retrieved from hospital database.
Symptoms observed during ead attack are dso available and may be useful. The
new TSUM_B includes up to four attadks per patient, which is the maximum number
registered for any single patient. Ead attadk is described by date and symptoms
observed during the atack.

The data on uwp to four attadks, ead on a spedfied date enable abetter use of tests
in TSUM_C. Now we an distinguish data relevant to prediction of thrombosis: those
are test results prior to the onset. We can also dstinguish the data that can lead to
detedtion of a past attadk of thrombasis: they include test that foll ow the dtack.

Now, TSUM_C can be JOINed with the new TSUM_B on records sleded by their
relevance to prediction or to diagnosis of an attack. Tests before an attack can be
compared to tests after the dtack. It is awaysimportant to compare such tests with a
control group of patients who dd not suffer thrombosis.



5.3 Multi-valued attributes

Together, the three multi-valued attributes that occurred in TSUM_A and TSUM_B
were replaced by two relational tables DIAGNOSIS and ANA_PATTERN. Actually,
the values were single strings, but many strings included multiple values. In the
processof separation of individual values, many were determined identicd, and were
represented by the same name.

PATIENT_INFO is the remainder of TSUM_A, after DIAGNOSIS was put into a
separate DIAGNOSIS table. DIAGNOSIS includes values of diagnosis from
TSUM_A and TSUM_B, and separates them to a single value per record. It includes
1942records.

Information from TSUM_B was distributed in four tables, including DIAGNOSIS
(see dove, for a multivalued attribute), ANA_PATTERN (multivalued attribute, 656
recrds), THROMBOSIS (195 records) and the remainder was left in
ANTIBODY_EXAM (801records).

5.4 Meaning o diagnosis

Upon inspedion, different values of diagnosis turned out to belong to dfferent
caegories. The values indicaed not only collagen diseases but also aher diseases
and various observations and symptoms. It was important to crede atable that
identifies the caegory of ead value of DIAGNOSIS, since the main focus of the data
was coll agen diseases.
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Abstract. Data relating to petient information and medicd exams conreded
with thrombosis attacks were analysed using SPSS Clementine data mining
workbench. The aility to predict the onset and succesdul diagnosis of
thrombosis is key to the intervention of the disease, and sequentia patterns of
symptoms and lab exams may indicae atrending from a pre-thrombosis to
adive thrombosis condtion. In this report, predictive modelling, association
rules and sequence detedion were used to investigate these patterns.

1 Introduction

Thrombaosis is a potential complicaion of collagen diseases. In pursuit of
understanding the mechanisms responsible for collagen diseases and the onset of
thrombosis, analyses have been undertaken to quantify a profile of the lab exam
results that indicae thrombaosis presence, and the sequence of @) symptoms b) exam
results and c) types of collagen diseases that can predict or be asociated with the
onset of thrombosis. The PKDD 2001 challenge presented several relational tables
with which to explore the patterns involved in the onset of thrombosis.

Effectively mining large data sets is best fadlitated by a systematic process Using
the qoss-industry standard processfor data mining (CRISP-DM, www.crisp-dm.org),
suppated by Clementine, recommended steps are dealy outlined, from
understanding the problem through to deploying results badk into the business or
organisation. The remainder of this report will be structured generally in the CRISP-
DM format.

2 Businessunderstanding

The nature of the Challenge dictates that, unusually, domain knowledge isn't
necessarily a prerequisite. Ladk of in-depth knowledge on the part of the aithor about
the medicd condition and about the relationship between lab exam results and the



condition, predude stating whether the results have significant medicd value, but
may point to strong diredions for further research or ways in which algorithms may
be anployed to extrad patterns from medicd data.

As such, the general questions addressed here will be what fadors may be
predictive of the onset of thrombosis, and whether there ae sequential or asociated
indicaors of lab results or other collagen diseases that may point to or predict the
onset of thrombosis.

3 Dataunderstanding

The data were provided by PKDD, and the flat files were put into an Access database
for ease of use.

Tables used to extradt information:
- Changesinlab results over time: Lab_exam
- Patient demographics and primary ID key: Patient_info
- Thrombaosisdiagnosis: Spc_exam
- Symptoms |leading to Thrombaosis: Other_symptoms
- Other coll agen diseases: Diagnostic

The field containing diagnosis of Thrombosis was grouped into a Thrombaosis
Present/Absent field for visualisation and prediction purposes, and a separate cdegory
indicating those for whom no thrombosis diagnosis was made. Initial examination
indicaes that of al patients in the database for suspeded o confirmed collagen
diseases, about 10% of patients were diagnosed as having one of three forms of
thrombosis (most severe, severe, mild) present (Fig. 1).

Fig. 1. Proportion of thrombosis present in patients assgned adiagnosis

4 Data Preparation and Modelling

As the relationship between these two steps in the data mining process is highly
iterative, | include both in the same sedion for brevity of this document.



Much data deaning and reformatting was done to make analysis possible and more
interpretable, including reformatting of dates to a ansistent type, extrading numeric
information from numeric fields that contain a few symbalics (ie <5000as an entry),
etc. One fortunate asped of Clementineisthat all the manipulations are dealy visible
in the stream, contained in the series of nodes leading from the data source node(s) to
the output nodes, which may be atable, chart or series of models. In Clementine, asa
data mining workbench, a visual record of the data mining process is sif-
maintaining.

The topics addressed are mntained in the foll owing sedions.

4.1 Understanding factors that lead to onset of thrombosis — profiles of lab
exams

Numeric fields were banded into low/medium/high individually, using interadive
histograms. The bands were aeded to have gproximately the same number of
individuals in each. Where numerics fields were given that contained symbalic
exceptions (such as <31.2), the ‘< * was gripped and the (value —1) was arbitrarily
used in its place This has inherent problems but was used as a reasonable general
guide. Where no result was given, an ‘empty’ was assigned to the field.

A badpropagation neural network was run on al possble variables of the lab
exams, to see what results were most indicative of thrombosis presence/absence
Where numeric variables contained symbalic exceptions, the numbers were extraded
so that al possble variables would be treaed as numerics. The symbalic variables
were left as originally presented for use in the model.

Table 1. Misclassfication rate of neural network predicting presence/absence of thrombaosis
based upon lab exam results

Results for output field ThrombosisFlag
Comparing $N-ThrombosisFlag with ThrombosisFlag

Correct : 17916 (88.21%)

Wrong : 2395 (11.79%)

Total : 20311
Coincidence Matrix

$N-ThrombosisFlag

Absent Present
Absent 13490 1412
Present 983 4426




Neural network sensitivity analysis output lists all variables included in the model
in a relative order of importance, based upon an internally derived algorithm. The
high scoring variables contribute most, lower scoring are of deaeasing value to the
model.

Table 2. Sensitivity analysis of neural network,
indicating relative importance of variables
included in model credion.

Neural Network "ThrombosisFlag" architecture

Input Layer : 96 neurons . .
P y The fadors with a Relative

Hidden Layer #1 : 11 neurons Importance of 0.150 (Table 2) and

Output Layer : 3 neurons above (LAC, ANA, U-Pro,
Predicted Accuracy : 85.82% Centromea SSA, SSB, RNP, SM,
Relative Importance of Inputs SC170 were used in the lab exam
LAC 0.31256 sequence analysis (next pages).

ANA 0.28393 Rule induction (C5.0) was used to
U-PRO 0.23903 profil e presence/absence of thrombosis
CENTROMEA 0.21101 among the banded numeric variables,
SSA 0.20978 looking for rules that had at least 300
SsB 0.19812 individuals in each dedsion tree

branch, and with a strong pruning

RNP 0.19050 severity imposed on the tree Rules
SM 0.18970 with high classficaion confidence
SC170 0.16079 were uncovered (Table 3)
ACL IGG 0.15170 _
KCT 0.12847 T_he C5.0 ruleset (T_able .3) lists
profiles of the target variable in order
RVWT 0.12842 of confidence (percent of that profile
AT3num 0.11620 that reades the nclusion, in this
ACL IGA 0.10687 example of ‘Present’) and coverage
ACL IGM 0.09802 (the number of cases that contributed

to credingthat rule).

For example, 2000individuals are described by the rule that where the ATTP result
is high, there is an 87% chance that they will develop thrombosis, assuming that the
training population is representative.

The dedsion tree generated with the éove ruleset indicates that of the banded
numeric variables, the most important contributors to predicting onset of thrombaosis
were ATTP, IGG, WBC. Figure 2 presents alower part of thetext dedsion treg



Table 3. Rule set describing
charaderistic lab exam results of
individuals diagnosed with thrombosis.
Numbersin bradets indicate (number of
individual patients making up that rule,
percent confidence with which outcome
can be eoplied to tha set of
charaderistics)

Rules for Present:
Rule #1 for Present:
if APPTband == high
then -> Present (2000, 0.867)

Rule #2 for Present:
if GLUband == empty
and WBCband == high
and PLTbhand == low
and RFband == empty
and IGGband == empty
then -> Present (1330, 0.77)

Rule #3 for Present:
if PLTband == medium
and APPTband == empty
and IGGband == low
and GPTband == high
then -> Present (372, 0.693)

Rule #4 for Present:
if APPTband == empty
and IGGband == low
and GPTband == high
then -> Present (821, 0.691)

Rule #5 for Present:
if GLUband == empty
and PLTband == low
and RFband == empty
and IGGband == empty
and GPTband == medium
then -> Present (1314, 0.683)

where the most important fadors are
further to the left and less important factors
are nested within, until all the onditions
leading to a @ncluson (thrombosis
Present/Absent) are readed (Fig. 2). As with
the rule set, the numbers within the bracets
indicae the number of cases that make up the
branch/leaf, and the onfidence with which
that branch or led predicts the scored
outcome.

The sensitivity analysis of the neural
network and the order most significant fadors
in the dedsion tree indicate those fadors in
the lab results that might be worth looking at
in more detail. The question addressed next
was. among those lab results that were most
predictive of the dove models, are there ay
patterns in them over the temporal sequence
of lab exams that could be used as indicaors
of onset of thrombaosis? Or: what are typicd
patterns in collagen disease patients over
time?

4.2 Analysisof sequenceof lab exam results

Sequential analysis was performed using CaPri. Rules were set to find sequences of
length 2-5 using the banded variables of APPT, IGG and WBC. Rules were set to find
sequences where & leest 50, 20 a 30% of the population (WBC, APPFT, 1IGG
respedively) were represented in ead sequential rule, and where the confidence of



ead rule indicating that the final step in the sequence would occur set at 80, 80 and
70% respedively. In short, very stringent stopping rules were gplied to show only
the most popular sequences.

Figure 2. C5.0 rule induction dedsion treg text version. Variables to the left are of higher
importance in distinguishing between thrombosis being Present or Absent. Treeis output in
multi ple colours, presented here in greyscde for pulication.

In order of appearance for ead rule number, in the bradkets of CaPri output (Figs
3, 4, 5), the figures gate: Sequence length, occurrence, suppart, confidence For
example, look at the WBC set of rules (Fig. 3). Number 6 says that of a threeexam
sequence length, those three items occurred 251 times in the table, and covers
60.34% of the database. The mnfidence states that of al those individuals who had
the first two exam results (medium-medium, in 292 cases, seen in rule 2), 85% went
on to the third exam result in the sequence (Ilow).

Looking only at the very strongly represented sequences (Figs 3, 4, 5), none were
more likely than others to fluctuate wildly over the time period. IGG (Fig. 5) appears
to remain higher in presence of thrombasis than the other two exam results. A look
through further lab exam results that might have aphysiologicd basis for fluctuation
in athrombosis patient might show warning patterns, or set a baseline for the norm.



1 (2, 285, 68.51%, 84.32%) medium, low

2 (2, 292, 70.19%, 86.39%) medium, medium

3 (2, 333, 80.05%, 91.99%) low, low

4 (2, 250, 60.10%, 88.34%) high, high

5 (3, 266, 63.94%, 93.33%) medium, low, low

6 (3, 251, 60.34%, 85.96%) medium, medium, low
7 (3, 269, 64.66%, 92,12%) medium, medium, medium
8 (3, 308, 74.04%, 92.49%) low, low, low

9 (3, 266, 63.94%, 92.68%) low, medium, low

10 (3, 256, 61.54%, 89.20%) low, medium, medium
11 (4, 294, 70.67%, 95.45%) low, low, low, low

12 (5, 280, 67.31%, 95.24%) low, low, low, low, low

Figure 3. CaPri (sequencedetedion) rule set for the series of lab exams of WBC levels over
time, where the numeric information has been banded into low, medium and high levels. See
text for explanation o rule contents.

1 (3, 48, 22.97%, 96.00%) high , high , high

2 (4, 45, 21.53%, 93.75%) high , high , high , high

3 (4, 43, 20.57%, 84.31%) medium , low , low , low

4 (4, 43, 20.57%, 86.00%) medium , medium , low , medium

5 (4, 55, 26.32%, 80.88%) medium , medium , medium , medium

6 (4, 43, 20.57%, 87.76%) low , medium , medium , medium

7 (4, 62, 29.67%, 88.57%) low , low , low , low

8 (5, 45, 21.53%, 81.82%) medium , medium , medium , medium , medium
9 (5, 53, 25.36%, 85.48%) low , low , low , low , low

Figure 4. CaPri (sequencedetedion) rule set for the series of lab exams of WBC levels over
time, where the numeric information has been banded into low, medium and high levels. See
text for explanation o rule contents.

1 (2, 132, 34.46%, 77.19%) low , medium
2 (2,131, 34.20%, 76.61%) low , low
3 (2, 205, 53.52%, 82.00%) high , high
4 (2, 224, 58.49%, 80.87%) medium , medium
5 (3, 124, 32.38%, 80.00%) high , medium , medium
6 (3, 170, 44.39%, 82.93%) high , high , high
7 (3, 117, 30.55%, 81.82%) medium , high , high
8 (3, 179, 46.74%, 79.91%) medium , medium , medium
9 (4, 154, 40.21%, 90.59%) high , high, high, high
10 (4, 153, 39.95%, 85.47%) medium , medium , medium , medium
11 (5, 128, 33.42%, 83.12%) high , high , high, high , high
12 (5, 130, 33.94%, 84.97%) medium , medium , medium , medium , medium

Figure 5. CaPri (sequence detedion) rule set for the series of lab exams of IGG levels over
time, where the numeric information hes been banded into low, medium and tigh levels. See
text for explanation d rule contents.

A further step would be to see whether a particular sequence would lead to a
thrombosis-present result. This was not done due to time limitations.



4.3 Aswciation of symptom in patientswith thrombosis present

Tradng symptoms over a patient history may indicate symptoms that tend to go
together or regularly follow each other in thrombosis patients, and so analysis was
performed using the association rules and CaPri algorithms. The first tells what tend
to co-occur, the second uses timing information to indicate what tends to follow
another symptom. Date manipulations were required to ensure acarrate sorting by 1D
and Date for this gep, and the fields used were ID and Symptom. Only 198 records
were available for this analysis, so rule onditions and conclusions contain small
numbers.

All symptoms were dlowed to be both inputs and outputs, so there is repetition in
the association, since rules generated disregard sequential occurrence. Output from
Apriori (asciation rules) gives conditions (to the right of the arow) leading to a
conclusion (to the left of the arow) (seeFig. 6). In the bradkets, the figures indicate
the number of cases making up that association (and the same caes may be repeaed
in different associations, if they are just flipped condition-conclusion), the percent of
the population that made up that association, and the @nfidence with which the
patient who has the condition(s) will go on to the anclusion.

Abortion < = Edema (5:2.5%, 0.5)

DVT< = CVA(APO) (5:2.5%, 0.5)

DVT< = Pulmonary Thrombosis (5:2.5%, 0.5)

DVT< = Edema (5:2.5%, 1.0)

Epilepsy < = CVA(APO) (5:2.5%, 0.5)

Epilepsy < = Edema (5:2.5%, 0.5)

Thrombocytopenia < = CVA(APO) (5:2.5%, 0.5)

Thrombocytopenia < = Thrombocytopenia (5:2.5%, 0.5)

Thrombocytopenia < = Edema (5:2.5%, 0.5)

Brain Infarction < = CVA(APO) (5:2.5%, 0.5)

Edema < = CVA(APO) (5:2.5%, 0.5)

CVA(APO) < = Edema (5:2.5%, 0.5)

Abortion < = DVT & Edema (5:2.5%, 0.5)

Epilepsy < = DVT & Edema (5:2.5%, 0.5)

Thrombocytopenia < = DVT & Edema (5:2.5%, 0.5)
CVA(APO) < = DVT & Edema (5:2.5%, 0.5)

Fig. 6. Apriori asciation rules. Right side of arrow lists the condition(s) leading to the
conclusion a the l€eft side of the arow. See eplanation in text for numbersin bradets.

The highest confidence association comes from the five individua s from whom the
condition of edema was aways followed by a @nclusion of DVT (Fig. 6). The
number of cases in each as®ciation are a bhit susped, and require further
investigation.

The Apriori result is refleded in the CaPri output (Fig 7). Symptoms generally
followed ead other, but in the cae of edema, DVT would follow. Again, the small
numbers make generalisation difficult but might present a warning to a physician.



1 (2, 2, 2.63%, 100.00%) PULMONARY THROMBOSIS , PULMONARY THROMBOSIS
2 (2, 2, 2.63%, 100.00%) LEG ULCER , LEG ULCER

3 (2, 2, 2.63%, 100.00%) MULTIPLE THROMBOSIS , MULTIPLE THROMBOSIS
4 (2, 2, 2.63%, 100.00%) EDEMA , DVT

5 (2, 5, 6.58%, 100.00%) EPILEPSY , EPILEPSY

6 (2, 4, 5.26%, 80.00%) THROMBOPHLEBITIS , THROMBOPHLEBITIS

7 (2, 5, 6.58%, 83.33%) ABORTION , ABORTION

8 (2, 5, 6.58%, 83.33%) CVA , CVA

9 (2, 16, 21.05%, 94.12%) CNS LUPUS , CNS LUPUS

10 (2, 5, 6.58%, 100.00%) AMI , AMI

11 (2, 4, 5.26%, 80.00%) PH , PH

12 (2, 6, 7.89%, 75.00%) DVT , DVT

13 (3, 3, 3.95%, 60.00%) ABORTION , ABORTION , ABORTION

14 (3, 2, 2.63%, 12.50%) CNS LUPUS , CNS LUPUS , CNS LUPUS

Fig. 7. CaPri (sequence detedion) results of symptoms that tend to follow ead ather over
time. Rule 4 echos results sen by Apriori asociation rules, but CaPri shows the order
in which they appea.

4.4 Assciation rules, of collagen disease diagnosis and presence/absence of
thrombosis

To examine the relationship of collagen disease diagnoses and the potential for
asciation with thrombosis, the Apriori algorithm was used. Generally association
rules are looking for anything as input/output (condition/conclusion), but in this case
the presence of thrombaosis was st as the @nclusion and dagnoses the inputs, to
dired the rule generation toward those diagnoses that lead to a mnclusion of
thrombosis. Thisis gmilar to the rule-induction rule sets, but a way of looking at the
stabili ty of the rules using another algorithm

ThrombosisFlag_Present < = diagnosis_APS (42: 9.7%, 0.619)

ThrombosisFlag_Present < = diagnosis_SLE & diagnosis_APS (19: 4.4%, 0.526)

ThrombosisFlag_Present < = diagnosis_SJS & diagnosis_APS (7: 1.6%, 0.571)
ThrombosisFlag_Present < = diagnosis_SLE & diagnosis_SJS & diagnosis_APS (42:

9.7%, 0.619)

Figure 8. Apriori asociation rulesindicating relationship of collagen disease diagnoses with
presence of thrombosis. Seetext for explanation of numbersin bradets.

Closer examination of the different types of thrombosis that could be diagnosed
showed that the numbers were too scarce to asociate with anything but type 1
thrombasis, the most severe form.



Thrombosis_1 < = diagnosis_APS (42: 9.7%, 0.595)

Thrombosis_1 < = diagnosis_SLE & diagnosis_APS (19: 4.4%, 0.526)
Thrombosis_1 < = diagnosis_SJS & diagnosis_APS (7: 1.6%, 0.571)

Thrombosis_1 < = diagnosis_SLE & diagnosis_SJS & diagnosis_APS (5: 1.2%, 0.4)

Fig. 9. Apriori association rules with types of thrombaosis present. Only type 1 thrombosis had
sufficient numbers for associations to be deteded. Seetext for explanation o numbersin

bradkets

5 Mode Evaluation and Deployment

The validity of the models is difficult to judge due to ladk of domain knowledge on
the part of the author, but common sense and a test data set would be used at this
point to evaluate whether the results are worth deploying into a medica organisation.
In the acontext of this report, the conclusions tentatively readed include:

LAC, ANA, U-Pro, Centromeg SSA, SSB, RNP, SM, SC170 were strong
contributors to predicting the presence or absence of thrombosis, using a
badpropagation neural network. On the training data, there was an overall
predictive acaracy of 88%, with an approximately 82% acaracy of
predicting presence of thrombosis based upon lab exams.

Using the interadive graphs to manipulate the numeric lab exam results into
banded information for ease of interpretability, profiles of patients with
thrombosis were derived. For a patient with high levels of APPT, there was
an 86% chance of thrombosis onset.

Of the three lab exam results investigated, a sequential analysis did not
indicate any patterns of regular rise or fall over the series of exams, nor did
any of them show wildly fluctuating patterns. One tended to remain high
more than the others over time.

Asciation of symptoms indicated severa patterns on a small data set, the
strongest of which (in terms of confidence in the rule) indicaed that edema
was asociated with DVT.

Sequential analysis over a series of symptoms refled the asciation rule
above. Where most symptoms tended to remain static, the symptoms of
edema would later be revised to that of DVT.

Analysis of coll agen disease diagnosis, and presence of thrombosis, indicates
that over half the incidences of APS are asociated with presence of
thrombosis (of any severity). There ae lower but perhaps warning patterns
of other coll agen diseases that become aswciated with thrombaosis.

Bre&ing down the different types of thrombosis, the @ove pattern was
found to be dictated by the most severe form (type 1), largely due to the
overwhelming numbers of type 1 relative to the othersin the data set.
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Abstract. This paper addresses the problem of how to obtain a mathematica
discriminate function to quantify the severity of a disease with genetic
programming (GP). It was applied to thrombasis testing because it is important
to develop a fast, reliable and acarate test to identify the mechanism of
thrombosis occurrence

1 Introduction

Artificial intelligence @n help with information extradion from databases fadlit ating
better dedsion making in complex systems. One possble gproacd is the building of
a mathematicd model to alow the simulation of future events based on past records.
The method consist of applying an algorithm that has data & input and a model as
output satisfying some optimization criteria such as minimum error.

2 Themoddling dgorithm

The genetic programming algorithm (Holland 1975 Koza 1992) mimics the evolution
and improvement of life through reproduction, when ead individual contributes with
its own genetic information to building a new individuals with greder fitnessto the
environment and higher chances of survival. Each ‘individua’ in a generation
represents, with its chromosome, a feasible solution to the problem; in our case, a
discriminate function to be evaluated by afitnessfunction.

The best individuals are continuously being seleded, and crosover and mutation
take place Following a number of generations, the population converges to the
solution that best represents the discrimination function.

There ae two kinds of information defined for the dgorithm: terminals (variables
values and random numbers) and functions (mathematicd functions used at generated
model).



3 Processng description

The software we have developed is an adaptation of LilGP (see reference), where
genetic programming (GP) is gructured in a pre-compiled library, with others
artificial intelligence procedures (like genetic dgorithm (GA), adaptive dgorithm
(AA), neural network algorithm (NN), and fuzzy control agorithm (FC)), integrating
model obtaining process with GP (termed Cognitive Structure) from red time
adaptation by GA, AA, NN, or FC (a seaond step of the work, as described in “Future
works and conclusion”). It has been applied to the database wlleded at Chiba
University hospital (see DC2001). Each patient came to the outpatient clinic of the
hospital on collagen diseases, as recommended by a home doctor or a general
physician in the locd hospital.

Collagen diseases are aito-immune diseases. Patients generate antibodes attacing
their own bodes. For example, if a patient generates antibodes in lungs, he/she will
chronicdly lose the respiratory function and finally lose life. The disease mechanisms
are only partially known and their classification is dill fuzzy. Some patients may
generate many kinds of antibodes and their manifestations may include dl the
charaderistics of coll agen diseases.

In collagen diseases, thrombosis is one of the most important and severe
complications, one of the magor causes of deah. Thrombosis is an increased
coagulation of blood, that cloggs blood vessls. Usually it will last several hours and
can repeda over time. Thrombosis can arise from different collagen diseases. It has
been found that this complication is closely related to anti-cardioli pin antibodes. This
was discovered by physicians, one of whom donated the datasets for discovery
challenge. Thrombosis must be treaed as an emergency. It isimportant to deted and
predict the posshiliti es of its occurrence

3.1 Genetic Programming Training

A filter reals al tables available, and update arelation table with lab_exam (57542
reqords), spc_exam (801 records), and patient_info (1239 records) pointers which
same identification and data, reducing the number of records to 262 (231 none, 1
mild, 11 severe and 18 most severe). Each field suffers the foll owing substitution: *-*

by —1.0, ‘+' by 1.0 and ‘+-* by 0.0, omitted values by field average value, and range
values by its boundary (for example <2.0 by 2.0).

The discriminate function acairacy is cheded against the diagnostic (negative, most
severe, severe or mild) to find the fitness (% of hit marks).

Processng output uses an Excd interface generating a spreadshed file ready for
analysis by technician, a computer scientist or a physician. A text format file mntains
the eguation of discriminate function and its performance

Two dfferent approach are adopted to determinate the discriminate function:



Using al data available in relation tables. GOT,GPT,LDH, ALPTPALB,
UAUN,CRE,  TBILTCHOTG, CPK,GLUWBC, RBCHGB,  HCTPLT,PT,
APTTFG,PICTAT, TAT2UPRO, IGGIGA,GM, CRPRARFC3, C4,RNPSM,
SC170,SSA,SB, CENTROMEA, DNA DNA-II, ACLIGG,ACLIGM, ANA,ACLIGAKCT,
RVVT,LAC, time  evolution (  dt), random number . GP Functions are
multiply, add, subtrad, and dvide. Fitness function punishes wrong
solutions, searching for a solution with as few cases as posdble. We use the
fitness function coded as:

+

where ok are the mrred predictions and purish is the punish factor (=20) for
wrong.

Discriminate function:

- ACLIGM(* C((LACCTAT(-((+CC IGM (/' LDH
LAC)) (* UA(+( KCTIGG) ALB))(* UA(/ LDHLAC))) (/ (+ (+
PT C4) C4) UN)) ACLIGM))) ANA) (+ (+ C3 (- LDH (+ UA IGG))
LAC)) (+ (+ (* (* (* IGM (/ LDH LAC) (/ (/ (/ UA (= (+ (/
KCT ACLIGG) (* RF IGA)) (+ (* (/ PLT PIC) (+ LDH TCHO)) (+ (-
(* UAAPTT)(* IGA TAT2))(/ ACLIGG HGB)))) IGG)(* WBC UN))
HCT) (/ (* (* TAT (- (/ ALP UA) IGG)) (- (- (*(/ LDH LAC) (-
TP C3)) (/ (+ (+ PT C4) C4) UN)) ACLIGM)) (* (/ IGA (- GOT
RBC)) (/ (* TAT2 HCT) (/ (/ (/ UPROSM) (+ (+  UA (+(+ TCHO (-
CENTROMEA LAC)) ACLIGG)) (- (* (- (* UA APTT) (* IGA TAT2)
(+ (* TAT (+ PT (+ RBC (+ UA IGG))) TP)) (+ UA IGG))) (+
ACLIGM (+ (* (+ (+ &+ IGM (/  LDH (+ (/ (+ RBC (/ LDH
LAC)) RF)(* UA APTT))) TP) CENTROMEA) (* (+ PT C4) (- (+ (
(- LDH (+ (/ KCT ACLIGG) (* RF IGA)) (/ ACLIGA SSB)) C3)
dy)) ¢ (+ (* (+ DNAIl IGA) HCT) (/ HCT LAC)) (+ RBC (/ (+
RBC(- (*(/(-TG WBC) GOT) (- (+ (/ 0.08 ACLIGA) (+ HGB PT))
dt) (/ (+ (* * IGM (/! LDHLAC)) TP) CENTROMEA)C3))) RF))))
HCT) (* IGG GPT))))) (+ (* TAT (- (+ (+ C3 (- LDH (+ UA
IGG))) (- (* C4 TAT2) LDH) (+ UA( (+(+(( (+ SM GOT) (*
WBC UN)) (+ (/ (* (*  GLU 0.03) (/ ALP UA)) RF) (* UA APTT)))
(+@ECE RBC (+ TG (/ (+ (* (* RF IGA) HCT) C4) (+ ACLIGM
(- TP C3) (/ C3 HGB)) (/ (- TG WBC) GOT))))))  ACLIGM) (+
TAT (+ (/ (* CENTROMEA (/ (* C4  TAT2) (/ (+ RBC (* dt ACLIGA))
(* SM SC170)) (* (/ HGB (- (/ ALP UA) RBC)) (/ ALP UA)))
TPY) (¢ ( UPRO SM) (/ (+ RBC (* ACLIGM HGB)) GOT)))) (- (*
(-(* UAAPTT) (* IGA TAT2)) (+ (* TAT (+ PT (+ RBC (+ (+ PT
(+¢+ (¢ IGM( LDHLAC) RNP) CENTROMEA) (*(/ (- TG WBC)
GOT) (- (+ (/ (/ (+ DNAIl IGA) (! GPT ACLIGM)) RF) C3) dt)))
(+ 0+ (+ (*C4 TAT2) (- (*C4 TAT2) PT)) (+ RBC (+ (+
PT C4) (- CENTROMEA LAC)))) UA) C4) (+ ACLIGM (- (+ (-
CENTROMEA LAC)(/ LDH LAC)) (-~ CENTROMEA LAC)))) (* (* ACLIGM
HGB) (/ HCT LAC)))))) TP) (+  UAIGG)) RR)) (- (/ UPRO SM)
LAC)))

Using only lab_exam and patient_info tables. GOT,GPT,LDH, ALP,TPALB,
UA,UN,CRE, TBIL,TCHO,TG, CPK,GLU,WBC, RBC,HGB, HCT,PLT,PT, APTT,FG,PIC, TAT,
TAT2,UPRO, IGG,IGA,IGM, CRP,RA,RF,C3, C4,RNP,SM, SC170,SSA,SB, CENTROMEA,
DNA,DNA-II, time evolution ( dt), random number . GP Furnctions are



multi ply, add, subtrad, and dvide. Fitnessfunction punishes wrong solutions,
seaching for a solution with as few cases as posshle. We use the fithess
function coded as:

+

where ok are the crred predictions and purish is the punish fador (=20) for
wrong.

Discriminate function:

CC-¢ IDH( (+ IGA(- IGA GPT)( LDH(- IGA GPN)))((
e TP LDH) (- IGA GPT)) (- (* (/ (- IGA TCHO) (- (+ (/ (-
ALB SSB) (/ (- (-C4(+ (- (- APTT TP) dt) PT)) LDH) (- IGA
GPT))) (+ (+ GPT TAT2) * (- (/ (/ (- UN GLU) (* (* (* (/ LDH
RNP) RBC) dt) (+ ALB GOT))) (- (+ (- (* (* DNAIl SC170) RBC) (-
(+ TAT2 GLU) LDH)) (+ (- (* TCHOCRE) (/ dt WBC)) RNP)) (* (/ (+
(/(* GLU(+ LDHFG) (- IGA TCHO)) (! dt UA) (/ (+ GLU (+ LDH
FG)) (- IGA TCHO))) (* (- (+ CRP GPT) (- 0.73 ALP)) (* (/ GPT
GPT) (-C3  SC170)) ( (* (- (+ (+ C4 TG) (/ TG TAT)) (+ ALB
GOT)) CRE) (* (/ ALB CPK) dt))) (+ (- (- PLT (/ (- (- (- CPK (+
ALB GOT)) (/ (- IGA GPT) DNAI)) (- (+ TP LDH) (- IGA GPT))) (+
UG (- IGA GPT)(+ RNPLDH)) (-TAT  TCHO)) SC170) SSA) (/
C4 RBC)) (+ PICTG)) (/ (+ CRE UPRO) (+ ALB GO))) (* (/ (/
CRE CENTROMEA) (/ (- (* (/ C4 DNAII) (- IGA GPT)) LDH) (* (* (/
ALB CPK) dt) / LDH RNP)))) (/ (+ (- IGA GPT) (+ RNP LDH)) (- TAT
TCHO))))  dt) (* (- (-(*(/Cca DNAIl) (- IGA GPT)) LDH) (- (+ (+
TP LDH) LDH) (+ (* (* (/' ALB CPK) dt) (/ LDH RNP)) (- (- (- CPK
(+ ALB GOT)) (/ (- IGA GPT) DNAIl)) (- (+ TP LDH) (- IGA
GPT))))) RBC))) RBC) LDH)) (- C4 (+ (- (* (/ (+ LDH FG) (+ (/ (*
(& FG UA) SSA) (- PLT GPT)) PIC) (- (- HGB HGB) (/ (-
ALB SSB) (/ (- (* (/ C4 DNAII) (- IGA GPT)) LDH) (* (* (/ ALB
CPK) dt) (/ LDH RNP))))  SSA) (- (+ (- IGA (- (+ (* (+ -+ TG
TAT2) (* HGB CENTROMEA)) (/ (' UPRO APTT) (- HCT LDH))) (+ GLU
CRP)) (+ GLU CRP)) (+ TP LDH))) (- IGA (- (- IGA (- HCT UN)) (+
TP LDH)))) (- (- PLT(/ LDH RNP)) (/ (/ (* (+ (/ (+ CRE UPRO) (+
ALB GOT)) (/ C4 RBC)) RBC)DNA) (- PLT IGG))))) dt) (- C4 (+ (-
(- APTT IGA) (* (- (* (* DNAIl  SC170) RBC) (- (* (- (- (- IGA (+
(/ TP (- SSB CRE)) SSA)) (+ TP LDH)) (- (/ (- (+ TP LDH) (- PLT
GPT)) (+ (* RNP (/ (* TAT ALB) (/ LDH RNP)) (+ LDH FG))) LDH))
dt) (+ (* TAT2 (/ LDH RNP)) (- IGA GPT))) RBC)) PT)) (- (- (-
(/ -DNA  di) (* (+ GPT TAT2) (- TBILGOT))) (/ (* (/ SM CRE) (-
TBIL * PT  TP)) (+ (- SSB HGB) (+ SC170 IGA)))) (/ (- GOT 0.95)
(* TBIL CRE))) (- (- (- (+ LDH FG) (/ (* (/ SM CRE) (- TBIL GOT))
(+ (- SSB HGB) (+ SC170 IGA)) (* (- (- IGA (- (* (* (* (/ LDH
RNP) RBC) (/ C4 DNAIl) dt) (/ (*(- (+ (/| C4 DNAIl) CRE) (/ SM
CRE)) (- TP DNAI) TG))) (/ (/ 0.65 TG) (+ IGA (- (/ (- DNA dt)
(*(  SMCRE) (- TBIL GOT))) (* (* (+ (* (+ ALB IGM) (/ (- ALB
SSB) (/ (- (+ (- (+ (/ PT IGA) (- LDH IGA)) (- (* FG TBIL) (+ RNP
APTT))) (+ (- (* TCHOCRE) (/  dt (- (* TCHOCRE) (/ dt WBQ)))) (-
(- RA HCT) (+ RBC 0.76)))) LDH) (* (- (+ (- IGA (- (- (&
GPT GPT) (+ GLU CRP)) (+ TAT2 GLU)) C4) (+ TP LDH))) (- PLT
IGG)) (/ (/ CRE CENTROMEA) (/ TP SSA))) (- dt HCT))))) SSA)(+ TG
TAT2)) RBC))))) RBC)) (/(/ CRE CENTROMEA) (* DNAIl  SC170)))))))




Table1. Accuracy results of discriminate function for thrombosis diagnostic

Casel Case 2
Population 100 100
Generations 3924 136638
%CrosOver 60 60
%M utation 20 20
# hit the mark % # hit the mark %
None 172 74 178 77
Results | Mild 1 100 1 100
Severe 10 90 11 100
Most severe 18 100 18 100

One interesting result is that the data available in lab_exam table is enough to
determine the discriminate function, with the st of too much processng evaluation.

The dgorithm training was done obtaining a very high accuracy discriminate
function. Pay attention that the 90% case is one dement fault in 11 (Table 1).

3.2 Test dataset results

Lets consider the ase where Lab and antibody date exams differs into one month,
i.e., for ead lab month antibody exam would be in the same month, one month after

or before totalising 1988records (1564 none and 424yes - 1 mild, 250severe and 173

most severe). We usethe ase 1 program due its fast convergence.

Table2. Case 1 test results

Casel
Population 100
Generations 3924
%CrosOver 60
%M utation 20
# hit the mark %
None 968 61
Results | Mild 1 100
Severe 231 92
Most severe 168 97
Total 400 94

Table 2 presents the acairacy of 94% in thrombosis prediction of 1988records, where
only 262 where used to training and the different date would introduce some

noise/perturbation into the model.




4  Future worksand conclusion

Starting from lab_exam and antibody_exam results, through the gplication of GP we
show it is possble to find a discriminate function that separate occurrences of
Thrombosis, with very low false negative paying the price of false positive increase.
Thisis a fal safe condition, becaise the false positive patient will be drive to more
spedfic analysis, without risks for his hedth.

Through the analysis of the discriminate function it's possible to determine what are
the dominate variables into the model, and with a biologicd analysis understand the
thrombosis diseases and coll agen bases and mechanisms. We ae looking for medicd
centre with skill s and more mmplete database avail able for a partnership. The future
work is obtaining the optimal therapy, due the egplicaion of Genetic Control
heuristics (Werner (1999), with the division of the challenge into the steps:

1. Genetic programming to oltain a model of the process from historic data
(discriminate function in this paper).

2. Genetic programming to oltain the optimal control or genetic dgorithm to
optimise therapy treament plans, to maximise the performance index (minimising
shiftsin clinicd data) taking the discriminate in secure values.

3. Differences of the red body system need adaptation of optimal control obtained in
step 2 1t would be due goplying step 2 again, into a dose loop.

The aithors adknowledge FAPESP/Brazl for sponsoring the PhD reseach,
CNPg/Brazl for granting adoctoral scholarship, and to South Bank University for our
financial suppart.
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Abstract. This work presents the data miniedfort to retrieve meaningful
information from a Medical Database collected at the Chiba University
Hospital, Japan for patients suffering from Collagen diseases. The data, after
being examined and cleaned [1,2], was transformed and loaded into a Relationa
Database. SQL queries have been used to retrieve data in the form of
contingency table, which is further used to extract patterns in the data. The
results obtained using this technique have been discussed and compared to
results obtained from previous vko

1. Introduction

In this paper we show a way to identify patterns in a dataset that resides in a
Relational Database using contingency tables . A contingency table [5], also called a
cross reference table, is a table showing the number of records dorveiue
combination of two or more variables that constitute the table. It is a useful tool for
patten visualization that allowsuser to decide on the most useful description.
Contingency tables have been used here to find relationships and pattenslata.
In case where the size of the contingency table is large, discretization techniques can
be used to reduce the values to some small number per attribute

In this scenario, where the primary data is not available on a RDBMS, additional
transforméion of data is required. The raw data, after cleaning [1,2], needs to be
further normalized [3] and partitioned to eliminate the numerous -vailiied
attributes and to rearrange the attributes to reduce the number of null values, so that it
can be used ith a Relational Database Management System. Once loaded into
RDBMS, Structured Query Languaganbe usedo generalize and reduce the data
and present the result into contingency tables.



The contingency table can be further analyzed to identify useful patfEnes.
reduction of data using SQLs substantially reduces the complexity of the discovery
process and makes it feasible to spot a pattern once it is laid in the contingency table.

The following sections elaborate the above concepts. Section 2 describesathe d
preparation followed by section 3 where we describe the knowledge extraction and
analysis tasks. Section 4 compares results obtained by this method with the results
obtained from previous publications. Section 5 concludes with a discussion on
limitations of using this process.

2 Data Preprocessing and Transformation

To understand the nature of data, for performing more meaningful analysis and to
finally extract more meaningful knowledge, data preprocessing needs to be
performed. The data preprocesssigge essentially involves data cleaning and data
editing [4].

- In this scenerio data cleaning involved removing of unprintable characters
and removing duplicate entries. Most of the unprintable characters were
observed in the multivalued character fieldgel Diagnosis in table
TSUM_A and Symptomdield in table TSUM_B. Duplicate entries cause
Unique Constraint violation when loading in a RDBMS. In this particular
scenario only one of the entries was retained and the other discarded by
inspection.

- Data ediing involved removing data inconsistencies like presence of an
alphanumeric character in a numeric field I#000 or a name of the same
disease spelt in different ways likeNA(+) and ANA (+) . Here the value
was changed based on inspection and in decme with the data source.

Data transformation involved further normalizing the data [4]. This helps
representing the data and their relationships precisely in a tabular format that makes
the database easy to understand and operationally efficientalBbigeduces data
redundancy and enhances performance. Applying normalization, tables TSUM_A &
TSUM_B were further decomposed into several other tables [1]. Figure 1 lists all the
tables derived from the above tables.

3. Knowledge Extraction using Contingency Tables

The process of analyzing data to extract useful knowledge involves searching for
patterns in the data to predict an answer to the question one is looking for [9]. In this
case it happens to be the prediction of occurrence of Thrombosis froavaiable
patient data. Prediction is the process of defining, with high amount of certainty, that
an attack is going to happen in the near future. This involves studying the levels of
different antibodies and body fluids before and at the time of thachkt This can

help find to patterns that can further help us predict the occurrence of the attack in the
future.

To accomplish the above task the following steps have been followed:



- Preprocessed data is uploaded into a Relational Database tables defin
the previous section. This is a one time process.

Fig. 1. Decomposition of tables Tsum_a and Tsum_b

- Data views are created from the database using SQL against the
thrombosis attribute being analyzed. This process is repeategh€h
attribute

- The data summary is either the histogram of the attribute being analyzed
or is a contingency table with respect to the different values of
Thrombosis.

- For certain numerical attributes, where therelarge number of groups,
discretizaion has been applied and contingency tables created on the
groups.

- The histograms and contingency tables are analyzed and conclusions
regarding the effect of each predictor attribute on thrombosis are made.



Here attributes for tables Tsum_a, Tsum_b andgeBsée or for RDBMS tables
Diagnosis, Ana_Pattern, Antibody exam, Thrombosis and Disease have been
considered. The following paragraphs describe the datamining tasks on individual
attributes  from  these tables coupled with the target attribute
AntibodyExanThrombosis The two SQL statements are issued against the database
against the attribute requesting a histogram of an attribute and requesting a cross
tabulation of that attribute witAntibodyExam.thrombosi3he output is laid down as
histograms and cdimgency tables. The tables are then analyzed for patterns

It is worthwhile noting that the Antibody Exam that was done on the patient, which
is represented by the table Tsum_b was said to be closely related to the time the
patient underwent a thrombositeak. Hence the values of different antibody levels
and other attributes can be taken as values that can be expected during a thrombosis
attack. In case when the value of thrombosis equal 0, the test was performed on
patients when thrombosis was suspe¢#d

The values of multivalued attributes in the tables Tsum_a & Tsum_b like
Diagnosisor Symptomwe have assumed that the patient is suffering from all the
disease or shows all the symptoare listed. This fact is also reflected in the data
where in theDiagnosisattribute when a disease is merely suspected, we have the
word ‘susp’ against it. Analysis of a few attributes is as follows

3.1 Analysis of Disease Type (disease.ds_type)

Fig. 2. Contingency table for disease type againsediffit values of thrombosis.



Figure 2 shows the SQL queries and their corresponding results on attribute
Disease.ds_type and its effect on Thrombosis. Here it can be observed that a patient
with Collagen disease has more chances of getting a thromdttemi&. However a
patient can be diagnosed with several diseases per diagmastgence the result of
the query does not present a clear picture due to multiple values of the Diagnosis
attribute. A patient could suffer from a Collagen disease and aQédlagen disease
or a disease from an undefined category. A thrombosis attack for this patient can be
explained by the diagnosed Collagen disease. Hence it can be assumed that the
Collagen Disease should have precedence as it is clearly linked with thismbos

If the values of disease are ordered as follows:

C>D>N>0>U 1)

records obtained from the following SQL are inspected one at a time and one
output is generated against each patient thrombosis combination, eliminating the
overlapping effect using programming techniques:

C 319 34 17 5
D 16 0 0 0
N 3 0 0 0
O 14 0 0 0
U 31 14 1 0

Table 1. Contingency table for disease type after removing overlapping values.

After removing the overlap there was not too much change as far as the undefined
values, dsease type 'U', go. The providers of the data need to provide the definitions
of the undefined diseases. Besides the undefined category of diseases the following
can be clearly observed from the above table.

- If a person has an attack of Thrombosis, he/she is suffering from a disease that is
Collagen in nature

3.2 Analysis of ANA Pattern (anapattern.pattern)

Figure 3 shows the SQL queries and their correspondingtsesul attribute
ANAPattern.Patterand its effect on Thrombosis. Similarly there is an overlap among
attributes and hence it is not a very clear picturgaiA if precedence is defindiéte
before a more realistic picture can be observed. Defining teequlence as:

D>S>P>N 2
we have the results as shown in table 2



Fig. 3. Contingency table for ana pattern against thrombosis

D 7 2 0 1
N 1 0 0 0
P 160 12 3 2
S 295 33 14 2

Table 2. Contingency table for ana pattern after removing overlapping values

Here after removing the overlapping values we observe that there is no big
difference than we had before. The results are not very conclusive. Hotheve
following can be observed :

- Pattern ‘N’, though occurs rarely among patients, indicates no thrombosis.

- Patients with pattern ‘D’ have more chance of getting thrombosis attack than any
other ana pattern.

- Patients with pattern ‘S’ have a significantligger chance of getting thrombosis
attack than patients with pattern ‘P’

3.3 Analysis of Symptom (thrombosis.symptom)
Figure 4 shows the SQL queries and their corresponding results on attribute

Thrombosis.Symptorand its effect on Thrombosis.
The following can be observed from the table in figure 4:



Fig. 4. Contingency table for symptom against thrombosis

Most of the Symptoms observed are associated with severe thrombosis.

Symptoms like Alveolar Hemorrhage, CNS, Thrombocytepeniasisciate with
milder attacks.



3.4 Analysis of Attack Number (thrombosis.attacknumber)

Figure 5 shows the SQL queries and their corresponding results on attribute
Thrombosis.attacknumbeuith its effect on Thrombosis

Fig. 5. Contingencyable for attack number against thrombosis

It may be noted from the tables that the attack numbers from 1 to 5 do not have the
strength or degree of the thrombosis attack associated with them. The original table,
Tsum_b, has only one value for the degrethmmbosis attack and that is associated
with attack 0. Hence the values listed under various intensities of thrombosis may not
be entirely true as there are no values listed against them. The above output, however,
does show some interesting results
- The milder the attack of Thrombosis against a patient, the lesser is the chance
that it will relapse again in the future. Patients who were detected with the least
degree of thrombosis, or attribute thrombosis = 3, had no relapse whatsoever.

- Conversely if tle attack of Thrombosis is severe, there are more chances that it
will relapse again in the future.

- If it can be assumed that most of the patients had survived the attacks, it can be
inferred that a human body develops immunity against thrombosis after each
attack



3.5 Analysis of ANA (antibodyexam.ana)

Figure 6 shows the SQL queries and their corresponding results on attribute
AntibodyExam.ana and its effect on Thrombosis.

Fig. 6. Contingency table for ana against thrombosis

Since thee are number of numerical values, detecting patterns in this table is
difficult.

Hence we discretize the values of ANA so that some pattern can be made visible.
Putting cut after ANA value of ‘4", by inspection, we get the following table.

ANA Thromb(0) Thromb(1) | Thromb(2) | Thromb(3) | %
0-4 300 4 2 0 1.5%
16- 4096 376 45 15 5 17.3%

Table 3. Contingency table for ana pattern after grouping

The following can be observed from the above table:
- Patients with higher value of ANA antitp have a higher chance of getting a
Thrombosis attack.

3.6 Results from analysis of all attribues

Similarly using the above process on all attribues we get the following results:



- If a person has a attack of Thrombosis, he/she is suffering from a disease
which is Collagen in nature

- Pattern ‘N’, though occurs rarely among patients, indicates no Thrombosis.

- Patients with Pattern ‘D’ have more chance of getting Thrombosis Attack than
any other Ana Pattern.

- Patients with Pattern ‘S’ have slightly more chancgeiting Thrombosis
Attack than Patients with Pattern ‘P’.

- Most of the Symptoms observed are associated with severe thrombosis.

- Symptoms like Alveolar Hemorrhage, CNS, Thrombocytepenia are associated
with milder attacks.

- The milder the attack of Thrombosigainst a patient, the lesser is the chance
that it will relapse again in the future. Patients who were detected with the
least degree of thrombosis, or attribute thrombosis = 3, had no relapse
whatsoever.

- Conversely if the attack of Thrombosis is sevéiere are more chances that it
will relapse again in the future.

- Ifit can be assumed that most of the patients did survive the attacks, it can be
inferred that a human body develops immunity against thrombosis after each
attack.

- Patients with higher vakiof ANA antibody have a higher chance of getting a
Thrombosis attack

- The chances of a thrombosis attack increases with the increase in
concentration of aLClgG antibody

- Theincreased concentration of aCLIgG antibody has somewhat more effect on
the most seere form of thrombosis.

- The chances of a thrombosis attack increases with the increase in
concentration of aLCIgM antibody

- Theincreased concentration of aCLIgM antibody has somewhat more effect
on the most severe form of thrombosis.

- The chances of a thrdyosis attack increases with the increase in
concentration of aLCIgA antibody

- Theincreased concentration of aCLIgA antibody has somewhat more effect on
the most severe form of thrombosis.

- A apositive value of KCT indicates a high chance of getting a thosia
attack.

- A positive value of RVVT indicates a high chance of getting a thrombosis
attack.

4. Comparision with other results

Three papers have been presented on this medical data set in the past. The following
paragraphs describes the papers briefly e@mpares their result with what we have
obtained using the Contingency table method.



In the paper Using WizSoft, presented at PKDD’'99, by Levin B., Meidan A,
Cheskis A, Gefen O and Vorobyov |., we foutttht only one rule comes from
Tsum_b[6].

If Diagnosisis APS than Thrombosis i¥es | Not Investigated
More Rules listed on the previous

section

Table 4. Comparision of results from past work WizSoft

In the papef'Using Other Measurements and Decision Treeeseted atPKDD
99, by Taylor C [7],all the 3 tables Tsum, d8sum_band Tsum_are takeninto
consideration and the rules obtainee presented as decision trees using multiple
attributes. Hace the results presented in tp@aper cannot be compared to the ones
obtained here as we have used only single attribute analysis against the decision
attribute, thrombosis.

In the paper Using InfoZoom, presented in PKDD99, by Beilken C and Spenke M
(8].

Thrombosis is 3 if Symptom is | Alveolar Hemorrhage implies Thrombosig

thrombocytopenia =2

Thrombosids 2 iff Symptonis CNS Thrombocytopeniaimplies Thrombosis = 3
Thrombosisis 1 if any otheiSymptomis | CNSis asociated with Thrombosis = 2
present Most of the Symptoms observed gre

associated with most severe Thrombosis| or
Thrombosis = 1.
KCT, RVVT positive implies LAC | Notinvestigated
positive
With positive values ofAC the chancq Positive véues ofLAC, RVVT, KCTindicate
of Thrombosis increases. a high chance of getting a thrombosis attaq
With high values ofANA the changes of Patients with higher value g&NA antibody
thrombosis increases have a higher chance of getting a thrombgsis
attack.
High values ofaCL IgG, aCL IgA, aCL| The chances of Thrombosis increases With
IgM are good indicators dthrombosis increase in concentration odCL IgG, aCL
IgA, aCL IgMantibodies

If LAC is not measured at all the changes

of Thrombosis is only 3.5%

=~

Increase in conceration of aCL 1gG, aCL
IgA, aCL IgMantibodies has somewhat mgre
effect on the most severe form pf
Thrombosis.




If a patient has an attack, he/she is suffefing
from a Collagen disease.
Ana Pattern'N’ occurs rarely among patients
and indicates no Thrdoosis.
Ana Pattern‘D’ has more chance of getting
thrombosis attack than any other Pattern.
Patients with PatternS' have significantly
higher chances of getting Thrombosis attack
than patients with Patter®".
The milder the attack of Thrombosis, the
lesser are the chances it will relapse again in
the future.
If the Thrombosis attack is severe, there are
more chances it will relapse again.
If it can be assumed that most patients did
survive the attacks, it can be inferred that a
human body develops munity against
thrombosis after each attack.

Table 5. Comparison of results from past work InfoZoom

5. Conclusions

From the above comparisons it can be seen that by using Contingency Tables we have
been able to extract almost all theesithat were obtained using otheatd mining
Systems like InfoZoom plus some more.
Contingency Tables are generally easier to examine and can be applied in a simple
uniform waywhatcan be clearly observed from our dataning efforts. However if
the Contingencyable is large, it becomes difficult to interpret the results. Here the
data reduction techniques like discretization become necessary to reduce the size of
the table. Although we have chosen the intervals for discretization merely by
inspection, there arways to select the intervals where the cuts are not very obvious.
Acknowledgement: The author likes to thank Dr. Zbigniew Ras for taking his
valuable time to edit this paper and offer useful remarks and suggestions.
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Abstract. The paper gives some preliminary comments on the submissons to
Discovery Challenge on Thrombosis data.

1 WhatisAPS?

Collagen diseases were defined by Dr Klemperer, as charaderized clinically by
rheumatism feaures, or pathologicdly belonged to connedive tissue diseases. They
were dso classified autoimmune diseases because of immunologica abnormaliti es.
Coll agen diseese is not a sole disease, but one cdegory like pulmonary disease which
is composed of severa diseases. Anti-phospholipid syndrome (APS) is probably the
newest one which is categorized as a @llagen disease. This disease @uses thrombosis
(vessdl stasis by bloodclots), such as myocardial infarction or stroke. However, even
if patients have this antibody in their serum, not al patients fiow thrombaosis.
Therefore we would like to know the mechanism of how the thrombasis occurs in
these patients. Finally it is very important to predict for whom and when thrombaosis
may occur.

In general, anti-cardiolipin antibody (aCL) (one kind and representative antibody
of anti-phospholipid antibodes) has a significant relation to thrombosis. Espedally
1gG type aCL (aCL I1gG) is believed to be strongindicaor of thrombaosis. In addition,
other antibodes such as aCL IgM, aCL IgA have dso shown some relation to
thrombosis. LAC, PT and APTT are methods to deted the énormality of blood
coagulation, espedally significant in these patients. Thrombocytopenia is often
acompanied with APS, however the mechanism is unknown. In fad, the
phenomenon is not clea yet, and the discrepancy between the test results often
confuse dinicians.



2 Data mining technique on APS

2.1 Estimation concept

Thus from current medicd knowledge, we @n estimate a data mining technique
works well or not by observing if it can point out important key fadors (aCL, LAC,
PT, APTT) related to thrombosis corredly from many variants we provided.
Seoondly, if they can spedfy some combinations of several antibodes and/or other
variants which reflea thrombatic events, we could comment from a medicd view
point. On the contrary if it shows ome irregular relations from the medicd point of
view, we can deny them immediately. The hidden truth and rules are lying between
significance and nonsense, and it might be difficult for clinicians to dedde if they
might be true or not. As the time going, it became dea that a few data mining
techniques can deted change of some variants in the @urse of thrombaosis from the
temporal lab data, and can identify high risk patients who have no history of
thrombosis © far.

Now | have just read them and | will make some cmments on the results obtained by
four applicants only from amedica standpant.

As| mentioned above, evaluation of the results can be dassified as foll ows:

. medicd sense results (positive control)

probable results

. possbleresults from the arrent medicd viewpoint
. uncommentabl e results

. hon sense results (negative wntrol)

abhwN P

2.2 Medical data set

Medicd data set for 1241 patients with collagen diseases and 7 tesic laboratory data
for aCL for 806 cases were provided. Asfor the temporal laboratory data, 41itemsin
57,543 laboratory tests in 17 yeas were prepared. Seventy-six patients had some
thrombotic eventsin their clinicad course.

2.3 Comments on each case

Ivan Coursac & a mentioned that he could predict the hedth state from spe-exams
and lab-exams in 99.28%. If this were true, it would be very sensational matter in
medicd field, thus we would like to know further details of the formula of spe-exams
and lab-exams. He dso mentioned that CNS lupus has a relation to DNA level and
IgM type aiti-cardiolipin antibody. This fad aso sounds interesting to us becaise



IgM antibodes sometimes causes these kinds of situations due to its general
charaderistics.

James Cunha Werner and Terence C Fogarty analyzed data by using genetic
programming. They aso defined the laboratory data & enough to determine the
discriminate function with the st of too much processng evaluation. Their results
and predictions could be gplied badk to individual patients.

Jan Zytkow and Shishir Gupta identified the patterns in a dataset by residing in a
Relational Database using contingency tables. They compared their results with those
obtained by InfoZoom which showed us very sensible and reasonable results. They
mentioned that they obtained the same results and in addition they obtained further
results which are reasonable in medicd aspeds, but not surprising. Alveolar
hemorrhage and CNS attacks are not associated with milder attacks, but | designated
them to be in the same cdegory of symptoms. | should have made the cdegorizations
clea to avoid such misunderstandings. These kinds of upside down relationships
between the cuses and results are often observed in the KDD, however in this sssion
they became rare and improved compared to before. On the @ntrary, ANA pattern
analysis has become more interesting compared to before even if other antibodes are
often deeply studied. And the estimation that the patients who had severe dtadks have
more possbilities of other attadks in the future may be proven true. InfoZoom was a
very impresgve tod for us, the dinicians. If Zytkow’s methodis smilar to InfoZoom
from the asped of pattern visudizetion, it could be useful to doctors in the nea
future.

Susan Jensen et a analyzed by using the aoss-industry standard processfor data
mining and reported by explaining the procedure step by step with color pictures. In
summary she mentioned that LAC, ANA, U-pro, centromere-type, SSA, SB,RNP,
SM,SCI-70 were strong contributors to predicting the presence or absence of
thrombosis. APTT has a high relationship to thrombaosis. However, while LAC and
APTT are of course related to thrombosis becaise of the initial definition of APS,
other antibodes like SSA, SSB, scl-70 might be ahigher rate & positive than hedthy
persons have even if they have had no relation to APS thrombosis. If she can diredly
demonstrate that patients who have those positive antibodes can show higher rates of
thrombosis than those who ladk those antibodes in APS patients, it implies an
important message to the dinicians, which she dso mentioned other posshiliti es of
thrombosis without aCL antibodes later. Sequential analysis did not show interesting
resultsincluding ber report. It might be difficult to predict the time of thrombaosis not
after but prior data.

Boulicaut et a applied deta-strong classificaion rules for predicting collagen
diseases. Though they extraded alot of rules with 100% confidence, most of them are
just common sense or nonsense rules from amedica viewpoint. For example, thereis
arule that aCL >2.4 and range of aCL IgM from 1.9 to 27 and KCT (-) is SLE. In
faa lots of persons with high aCL and KCT (-) patients exists not only in SLE but
also in other patients, and to dedde the range of aCL IgM level dose not make sense.
The rule that sex is male aad ANA is 0 is Behcet might be not wrong but it is a
common sense and is not a spedfic rule. We would like to know the other rules not
written in their report to evaluate.



3 Conclusions

In conclusion, as a data provider, | felt the responsibility to mislead some gplicants
in the wrong diredions by misinterpreting the mutual data relationships. Medicd
provider's attitude is of course very important if you start data mining. Medicd
provider'sinterest but less gubbarnness to their medicine might be very important to
succeal in this field. In medicine, EBM and prospedive studies are strongly
emphasized currently. Even this trial is a retrospedive gproac and the data ae not
arranged well with many noises, | have onfidence that we will obtain a lot of
significant evidence from the data mining tedhniques.



