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Mining Hepatitis Data with Temporal Abstraction
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Abstract The hepatitis temporal database collected at Chiba university hospital during 1982-2001 was recently given to
challenge the KDD research. The database is large where each patient corresponds to 983 tests as sequences of values with
different lengths and irregular time-stamp points. This paper presents a temporal abstraction approach to mining knowledge
from this hepatitis database. Exploiting hepatitis background knowledge and data analysis, we introduce methods for
charactering short-term changed and long-term changed tests. The transformed data allows us to apply different machine
learning methods for finding knowledge part of which is considered as new and interesting by medical doctors.
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1. INTRODUCTION

The hepatitis temporal database collected during
1982-2001 at the Chiba university hospital was given
recently to challenge the data mining research [9]. This
database is a large un-cleansed temporal relational
database consisting of six tables.

Temporal abstraction (TA) is one approach to deal with
time-related data in medicine research [1], [3], [6], [7],
[10]. The key idea of TA is to transform time-stamped
points into an interval-based representation of data by
abstraction which consists of two phases: basic TA that
concerns with abstracting time-stamped data within
episodes, and complex TA that concerns with temporal
relationships between findings from a basic TA or from
other complex TAs.

This paper presents our TA approach which introduces
the notion of “changes of state” to characterize the
long-term changed tests (LTCT), and the notions of “base
state” and “peaks” to characterize the short-term changed
tests (STCT) instead of combining “states” and “trends”
as in related work [1], [3], [6], [7], [10]. The obtained
results are positively evaluated by medical doctors.

In section 2, we briefly describe the mining problems
and our TA framework in the hepatitis domain. Section 3
presents methods and results of basic TA. Section 4
presents methods and results of complex TA. Section 5

provides a discussion and conclusions.

2. PROBLEMS AND FRAMEWORK
The -hepatitis database consists of the following six

temporal data tables:

T1. Basic information of patients (total 771 records)

T2. Results of biopsy (total 960 records)

T3. Information on interferon therapy (total 198 records)
T4. Information about measurements in in-hospital tests:
(total 459 records) )

T5. Results of out-hospital tests (total 30,243 records)
T6. Results of in-hospital tests (total 1,565,877 records)

With those tables except T4, each patient is described
by sequences of test values with different lengths and
irregular time-stamps.

Two general approaches to deal with numerical
temporal sequences in machine learning are: (1) methods
that directly process temporal data in its original form,
and (2) methods that transform temporal data into
symbolic one, and process transformed data with suitable
mining methods for symbolic data. We adopted the second
approach because the challenges posed by doctors [9] are
conceptual requirements and usually it is easier to
intuitively understand findings with abstraction than
findings from the original if a well-abstracted concept
characterizes significant features over periods of time.

Therefore the main problem her is how to transform
multivariable temporal data of each patient into a record
in order to apply machine learning methods. Our
framework for this problem concerns with remporal
abstraction (TA) methods, which can derive an abstract
description of temporal data by extracting the most
relevant features [1], [3], [6], [7], [10].

The basic principle of TA is to move from a time-point
to an interval-based representation of the data. The input
of TA includes a set of time-stamped data points (events)

and abstraction goals, while the output includes a set of
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interval-based, context-specific unified values or patterns
(usually qualitative) at a higher level of abstraction.

The TA task can be decomposed into two subtasks of
abstractions: basic TA for abstracting time-stamped data
from given episodes (the significant intervals for the
investigation purpose) and complex TA for investigating
specific temporal relationships between episodes that can
be generated from a basic TA or from other complex TAs.

Basic TA typically extracts states (e.g., low, normal,
high), and/or trends (e.g., increase, stable, decrease) from
a uni-dimensional temporal sequences. Whereas other
works deal with short periods or regular time-stamped
data [1], [3], [6], [7], our TA deals with long and
irregular  time-stamped  temporal sequences  With
separation of long-term and short-term changed tests
groups, and abstraction of each group in efficient and
appropriate ways. We introduce the notions of “base
state” and “peaks” to characterize short-term changed
sequences, and the notions of “change of state” that
embodies both states and trends.

In this paper we focus on three problems: to find
differences between patterns of hepatitis type B and C
(P1), to estimate the fibrosis stage (P2) and to evaluate

the effectiveness of interferon (P3).

Basic temporal
abstraction

Complex temporat

W o abstraction

Abstract temporal data
with essential features
in the flat data tables.

Discover patterns/models by
appropriate data mining methods

Figure 1. Overview of the temporal abstraction method

3. PREPROCESSING

The preprocessing is the step to prepare sub-datasets
appropriate for further steps to solve the problem.

As the original hepatitis database consists of six tables
and include inconsistent measurements, many missing
values, and a large number of non-unified notations, in
order to generate the integrated data table in which one
record expresses a status of the patient in a certain date
based on the patient and date of tests, data cleansing and
data integration-are required as general preprocessing.

Then the sub-datasets for specified problems are
extracted/generated from the integrated data table by the
attribute selection/generation and the data reduction.

Finally we select frequent and significant 15 from 983

tests: GPT, GOT, ZTT, TTT, T-CHO, CHE, ALB, TP, PLT,
WBC, HGB, T-BIL, D-BIL, I-BIL, and ICG-15 based on
the guide of medical doctors and the statistics on
frequencies of attributes [8]. In case of problems P1 and
P2, the classes patients belong to are given in the original
database. The class for P3, whether the interferon was
effective or not, has to be generated according to the
general guideline.

We recall that the quality of temporal abstraction also
depends on how episodes on which data are abstracted
were taken. In this research we adopted a simple
technique for determining episodes as follows. Based on
suggestions of medical experts, we first determine a pilot
point (e.g., the starting day, the last day, the biopsy day
of the sequence, etc.), and take episodes (subsequences)
from the whole sequence in backward, forward, or to both
sides of the pilot point. In fact, for the problem P1 the
episodes are forwardly taken from the starting day of the
sequence, for the problem P2 and P3 the episodes are
backwardly taken from the day of doing biopsy or the

first day of treatment with interferon, respectively.

4. BASIC TEMPORAL ABSTRACTION

We group 15 tests into two according to the domain
knowledge how they are produced:
(1) Tests with values that can change in short terms:
appear when liver cells are destroyed by inflammation.
The tests in this group, GOT, GPT, TTT, and ZTT, in
particular GOT, GPT, can rapidly change (within several
days or weeks)
(2) Tests with values that can change in long terms:
appear when the liver capacity is exhaustive (the terminal
state of chronic hepatitis, i.e., liver cirrhosis). The tests

can slowly change (within months or years) either of:

. Going down: T-CHO, CHE, ALB, TP, PLT, WBC, HGB,

and T-BIL.
- Going up: D-BIL, I-BIL, and ICG-15.
4.1. Temporal abstraction primitives

Our temporal abstraction patterns and methods are built
on different primitives: '
1. State primitives: They may have N (values normal), L
(low), VL (very low), XL (extreme low), H (high), VH
(very high), XH (extreme high).
2. Trend primitives: S (stable), 1 (increasing), FI (fast
increasing), D (decreasing), FD (fast dccreasiﬁg).
3. Peak primitives: P (having peaks).
4. Relations: “>” (change state to), “&” (and), “-“(and
then), “/” (“X/Y” means majority of points are in state X
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and minority of points are in state Y).
Each abstraction pattern will be found as one of the
following four structures
<pattern> ::= <state primitive>
<pattern> ::= <state primitive> <relation>
<pattern> ::= <state primitive> <relation> <peak>
<pattern> ::= <state primitive> <relation> <state primitive>
Suppose that S is a sequence to be considered. The
following notations will be used to describe algorithms:
- High(S): # points of S in the high region.
- VeryHigh(S): # points of S in the very high region.
- ExtremeHigh(S): # points of S in the extreme high region.
- Low(S): # points of S in the low region.
- VeryLow(S): # points of S in the very low region.
- Normal(S): # points of S in the normal region.
- Total(S) = High(S) + VeryHigh(S) + VeryHigh(S) +
Normal(S) + Low(S) + VeryLow(S)
- In(S) = Normal(S)/Total(S)
- Out(S) = (Total(S - In(S))/Total(S)
- Cross(S): # times S crosses the upper and lower boundaries.
- First4(S): State of the first o points in §
- Last4(S): State of the last ¢ points in S
- State(S): with a value belongs to the set of state primitives.
- Trend(S): with a value belongs to the set of trend primitives.

4.2. Abstraction of short term changed tests

Our observation and analysis showed that the short
term changed attributes usually go up in very short period
of time and then go back to some “stable” states. Our
tentative conclusion is that the two most representative
characteristics of these attributes are that “stable”. state,
called base state (BS), and the position and value of
peaks, where the attributes go up suddenly.

Based on that remark, we proposed the algorithm to
find the BS and peaks of a short term changed attribute.

Figure 2. Patterns concerning the short-term changed tests

Algorithm 1 (for short-term changed tests)
Input: A sequence of patient’s values of a test with length
N denoted as Sgp = {sy, s2, ..., Sy} in a given episode.
Output: Base state and peaks, and an abstraction of the
sequence derived from them.

Parameters: NU: upper limit of normal range, HU: upper

limit of high range, VHU: upper limit of very high range,
XHU: upper limit of extremely high range, o (real).
Notation:
- M;: Set of local maximum points of S
- BS: base state of S
- PE: set of peaks of S

A. Searching for base state
1.Based on NU, HU, VHU, and XHU,
Normal(S), High(S), VeryHigh(S), ExtremeHigh(S)
2.MV = max {Normal(S), High(S), VeryHigh(S),
ExtremeHigh(S)}. If MV/Total(S) > a Then BS := MS.
3. Else BS := NULL
B. Searching for peaks

calculate

1. For every element s, of S, if s, > s, and s, > s, thens
is a local maximum of S.

2. For every element ms, of the set of local maximum
points, ms, will be a peak one of following conditions
is true, where V(x), S(x) is the value and state of x,
respectively:

i. BS = N A S(ms,) = VH or higher
ii. BS = H A S(ms,) = XH or higher
iii.BS = VH A V(ms)) > 2*XHU
iv. BS = XH A V(ms) > 4*XHU
C. Output the basic temporal abstraction pattern

As the first step we consider 9 values for abstraction:

1. If BS = N A there is no peak, then N

2. If BS = N A there is peak, then N&P
3.1f BS = H A there is no peak, then H

4. If BS = H A there is peak, then H&P

5. If BS = VH A there is no peak, then VH
6. If BS = VH A there is peak, then VH&P
7. If BS = XH A there is no peak, then XH
8. If BS = XH A there is peak, then XH&P
9.1f BS = NULL then Undetermined.

4.3. Abstraction of long term changed tests

The key idea is to use the “change of state” as the main
feature to characterize information of both state and trend
of the sequences, particularly in long-term changed test.
The first data points of a sequence are one of the three
states “N”, “H”, or “L”. Then it might be followed by
either the sequence changes from one state to another
state, smoothly or variably (at boundaries), or the
sequence remains in its state without changing.

Figure 4 illustrates a dataset abstracted for problem P1
obtained by basic temporal abstraction. The small window
in the middle shows the histogram of abstracted values of
four short-term changed tests GOT, GPT, TTT, and ZTT.
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Figure 3. Patterns concerning the long-term changed tests
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Algorithm 2 (for long-term changed tests)
Input: A sequence of patient’s values of a test with length
N denoted as Sgo = {5y, S2, ..., Sy} in a given episode.
Output: An abstraction of the sequence in form of
abstracted patterns
Parameters: o, 3, €, G (integer), B (real).
Notation:

- 8,5 = [y, median], S;¢ = [median, sx], S;; = [s;, 1% quartile],
Sio = [1* quartile, median], S;; = [median, 3rd quartile],

S,, =[4th quartile, sy]

A. Identification of patterns with many crosses
. If Cross(Sgg) > o A In(Sgg) > Out(Sge) A High(Sqp) >
Low(Sgg) then N/H /*majority Normal, minority High*/

2. If Cross(Sgp) > a A In(Sgg) > Out(Sgg) A High(Sep) <
Low(Sgo) then N/L /*majority Normal, minority Low*/

3. If Cross(Sgg) > o A In(Sgg) < Out(Sgp) A High(Sgp) >
Low(Sgo) then H/N /* majority High, minority Normal */

4. If Cross(Sgg) > & A In(Sg) < Out(Spe) A High(Sgp) <
Low(Sgo) then L/N /* majority Low, minority Normal*/

—

B. Identification of patterns with many crosses

5. If In(Sgp) > P then S — N /* no change of state */

6. If Out(Sqy) > B A State(Sgp) = H A Trend(Seg) = S
then H-S /* remain in High */

7. If Out(Sgp) > P A State(Sge) = H A Trend(Sgp) =1
then H-I /* remain in High */

8. If Out(Sgy) > P A State(Sep) = H A Trend(Sgp) =D A
Last(S,;) = H then H-D /* remain in High >lv‘/

9. If Out(Sqp) > B A State(Sge) = L A Trend(Sgp) = S
then L—-S /* remain in Low */

10. If Out(Sqg) > B A State(Sgp) = L A Trend(Sgp) =D

then L-D /* remain in Low */
11. If Out(Sgp) > P A State(Sgg) = L A Trend(Spp) =1 A
Last(S;;) = L then L-I /* remain in Low */

C. Identification of patterns with changes from the normal region

12, If Firsts (Sgo) = N A Cross(Sgo) < o A Lasts(S,;) = HA
Trend(Sy) = I A Low(Sgg) < € then N>H /* remain in High */

13. If Firsty (Sgp) = N & Cross(Spg) < & & Lasts(Sy;) = H
& Trend(S;;) = D A Low(Syg) < € then N>H-D /* in
High at the sequence end */

14. If Firsty (Spo) = N A Cross(Sgp) < o A High(Syg) >
8 A Lasts(Sy;) = N A Trend(S;;) =D A Low(Spo) <
€ then N>H>N /* two times changing of state */

15. If Firsts (Sgp) = N A Cross(Sgp) < & A Lastg(Sy;) =L A
Trend(S;2) = D A High(Sgo) < € then N>L /*remain in Low */

16. If Firsts (Sgo) = N A Cross(Sgp) < o A Lastg(S;3) =L
A Trend(Sy;) =1 A High(Sgp) < € then N>L-I /* still
in Low at the sequence end */

17. If Firsts (Sgo) = N A Cross(Sop) < & A Low(Sgg) >
8 A Lasts(S2;) = N A Trend(S;;) =1 A High(Sg) < €
then N>L>N /* two times changing of state */

D. Identification of patterns with changes from the high region
18. If Firsts (Sgo) = H A Cross(Sgpg) < o A Lasts(Sy3) = N
A Low(Sgo) < € then H>N /* remain in Normal */
19. If Firsts (Sgo) = H A Cross(Sgg) < o0 A Normal(Sgg) >
8 A Lasts(Sy2) = H A Trend(S;;) = I A Low(Syg) < €
then H>N>H /* two times changing of state */

E. Identification of patterns with changes from the low region

20. If Firsty (Sgp) = L A Cross(Sgp) < & A Lasts(Sz,) =N
A Low(Sgo) < € then L>N /*remain in Normal */

21. If Firsts (Sgp) = L A Cross(Sgg) < & A Normal(Syg) >
9 A Last4(S;2) = L A Trend(S;;) = D A High(Sgg) < €
then L>N>L /* two times changing of state */

22.If NULL Then Undetermined.

Figure 4. Example of an abstracted data table
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5. COMPLEX TEMPORAL ABSTRACTION
In this section we report results from basic TA with our

system D2MS [4], [5], and Clementine [2].
5.1. Miining abstracted hepatitis data with system D2MS

D2MS is a visual data mining system with visualization
support for model selection and mining programs:
CABRO for tree learning and LUPC for rule learning. It
also facilitates the trials of various alternatives of
algorithm combinations and their settings [4], [5]. Figure
5 presents a rule on P1 evaluated as an interesting by
doctors. The class ‘distribution is clearly observed with
visual support. Table 2 summarizes a rule set discovered
by LUPC under the constraints that each of them covers at
least 20 cases and with accuracy higher than 80%. From
this table some remarks can be drawn:

— The ALB, CHE, D-BIL, TP, and ZTT are often in rules

— The test GPT and GOT are not necessarily the key tests
to distinguish HBV and HCV.

— There are not many rules with large cover for HBV.

— Rule 32 is an interesting one: “if seeing ZTT decreasing
from the high state we can say the patient has HCV
with accuracy 83%”.

The Rule 29 in Table 2 “IF CHE = N and D-BIL = N
THEN Class = C” is significant for HCV as it cover a
large population of the class (173/272 or 63.6%) with
accuracy 82.08 + 3.42.

5.2. Mining abstracted hepatitis data with Clementine
Among mining programs provided in Clementine, we

report the rules by Apriori. Table 3 summarizes the

mining result on P2 with conditions of 5% of minimum
support and 80% of minimum confidence. We check the
coverage of patient records of each rule in order to see
the relation among rules and result in finding three rule
groups. The first rule describing fibrosis stage F1 can be
read as “if GOT = N&P and TP = N/L then the class is

F17”, where we find it interesting that the rules describing

fibrosis stage F1 and F3 are well separated.:

— The rules for F1 except the rulev#l are typically
related to the combinations of “GOT = H and GPT =
XH and (T-CHO = N or TP = N)”, or “T-CHO = N and
GOT = H and ZTT = H-1".

— The rules about F3 can be distinguished from those of
F1 by the combinations “TP = N/L and (D-BIL = N or
CHE = N)”, or “GOT = N&P and CHE = N”.

Table 4 shows the rules obtained by one of our
experiments when investigating the problem P1. These
rules cover more than 60% of original 455 records.
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Figure 5. A rule describing type C of hepatitis

Table 2. A set of discovered rules for HBV and HCV
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(min_sup = 5% and min_conf = 80%)
Rulek I¥cave | w cant SO oy BOT | GET B ] e -t T ¢ IYT ] M
4 (7 |12 16 |5 185 181861312
haigt 7 HEP NFL
aled ERETRI e
Futef 8 RRES] N K
pulet NN | H [ XH
fales FECHECIRS
el 6 N | H | Xk 1
hulet & N H T
Fin6 MOTH o H-1
prlet N H i -t
hyfet N H H-1
ales [ [} NAL.
e ) X} MOINSL
iled o. N & 3 NFL
tulet Q. ML N AL
bale () N PN
hled 4 B0KR] O] F3 M| NN
hulel & G30K] 06| F3 WEP e | N N
[ule23 o%]  o&| F2 HgF T M

Among 20 of them, 18 rules share a lot of same records
and all of them contain the condition “ZTT = H-I". On
the other hand, the only one rule about hepatitis type B
covering 77 records says that “if ALB = N and ZTT = N

— 109 —



then type B”, and another rule covering 188 records says
that “if CBL = N and CHE = N then type C” which does
not relate with the condition on ZTT.

Table 4 Association Rules and their coverage

(min_sup = 5% and min_conf = 80%)
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6. DISCUSSION AND CONCLUSION

We have presented a temporal abstraction approach to
mining the temporal hepatitis data. Though the project is
on going, several lessons have been learned and some
issues could be further investigated.
(a) Temporal abstraction provides many advantages in
mining temporal data, where the queries and answers tend
are expected to be abstracted concepts. Also it allows to
apply machine learning methods for symbolic data.
(b) The temporal abstraction approach in our work differs
from related temporal abstraction approaches mainly in
two features: the irregular data-stamped points and
abstraction of multiple variables of episodes.
(c) The interactive and visual system D2MS provides us a
powerful tool for complex temporal abstraction not only
in combining obtained abstractions but also in visualizing
them in order to give a better understanding of discovered
relationships between basic temporal abstractions.
(d) The temporal abstraction approach presented in this
paper is carried out in the scope of an on going project in

collaboration with medical doctors.
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