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Temporal abstraction (TA) aims to transform temporal 
data into a symbolic interval-based representation of 
data. Most existing TA methods are applicable to data 
regularly collected in short periods. In this paper we 
proposed a TA method for temporal data irregularly col-
lected in long periods. The core of our method is the no-
tion of “change of states” and algorithms to detect them. 
The method has been applied to a database on hepatitis 
with results evaluated by medical experts. 
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1. Introduction 
 

Temporal Abstractions (TA) is a special kind of data abstrac-
tion [6]. TA methods aim to transform time-stamp data into 
an interval-based representation of data by extracting their 
most relevant features. The TA process can be viewed in two 
steps of basic TA and complex TA. The former concerns 
with abstracting time-stamped data within episodes and it 
typically extract states (e.g., low, normal, high) and/or trends 
(e.g., increase, stable, decrease), while the latter concerns 
with temporal relationships between findings from a basic 
TA or from other complex TA. Typical TA works include the 
knowledge-based TA framework [9]; methods for con-
text-sensitive and expectation-guided TA [5], [7]; methods 
for combining statistical and probability techniques with TA 
[1]. These methods, however, can apply only to short peri-
ods and/or irregular time-stamp data. 

The hepatitis database collected during 1982-2001 at the 
Chiba university hospital was recently given to challenge the 
data mining research [2]. It contains results of 771 patients 
on 983 laboratory tests. The tests are divided into two 
groups: tests that can suddenly change in short-terms (sev-
eral days or weeks) and tests that only smoothly change in 
long-terms (months and years). The hepatitis database is a 
large un-cleansed temporal relational database consisting of 
six tables of which the biggest has 1.6 million records. The 
typical characteristics of these data are their irregularity and 
long periods of gathering (e.g., twenty years). The doctors 
posed a number of problems on hepatitis that are expected to 
be investigated by KDD techniques [8].  

This paper presents our TA method for mining long-term 

changed tests of the hepatitis data. The core of the method is 
the novel notion of “changes of state” to characterize the 
sequences of long-term changed tests as well as an algorithm 
to detect abstraction patterns of sequences. Part of the ob-
tained results has been highly evaluated by medical doctors.  

2. The Hepatitis Database and Preprocessing 
 
2.1 The hepatitis database and problems  

This relational database is composed of six tables: (T1) Basic 
information of patients (771 records); (T2) Results of biopsy (960 
records); (T3) Information on interferon therapy (198 records); 
(T4.) Information about measurements in in-hospital tests (459 
records); (T5) Results of out-hospital tests (30,243 records); 
(T6) Results of in-hospital tests (1,565,877 records) 

The difficulties in investigating this database due to the 
fact that it contains many hospital tests each of which is a 
sequence of time related values for each patient. Also the 
durations, the sequences lengths, and time-stamp data differ 
from one another. 

Among six problems P1-P6 challenged by the doctors to 
the KDD community [2], we focus on the three ones: 

P1. Discover the differences in temporal patterns between 
hepatitis B and C. 

P2. Evaluate whether the interferon therapy is effective or 
not. 

P3. Discover the relationships between the stage of liver 
fibrosis and the onset of hepatocellular carcinoma. 

Each of these problems requires a special sub-dataset de-
rived from the original hepatitis database. 

 
2.2 Preprocessing for hepatitis data 

As the hepatitis database has been collected during a long 
period with progress in test equipments, it also contains in-
consistent measurements, many missing values, and a large 
number of non unified notations. Such incompleteness has to 
be handled before any further analysis in order to avoid the 
misdirection. Our preprocessing includes data cleaning, in-
tegration, reduction, and transformation, as well a special 
preprocessing for extracting sub-datasets for problems under 
investigation. The followings are brief explanations for some 
of them. 



2.2.1 Feature selection and data reduction 
Each patient is described by 983 temporal sequences 

corresponding to the 983 hospital tests. As the complexity of 
learning generally increases with the number of tests under 
investigation, a small number of selected tests is expected. 
After selecting 41 tests from 983 tests by statistical fre-
quency check and medical background knowledge, we 
firstly focus on the 15 most typical tests as suggested by 
medical experts. These tests can then be divided into two 
groups depending whether their values can change in a short 
term or long term. 
(1) The short-terms changed tests: The tests in this group, 

GOT, GPT, TTT, and ZTT, in particular GOT and GPT, 
can rapidly change (within several days or weeks) their 
values to high or even very high values when liver cells 
were destroyed by inflammation. 

(2) The long-term changed tests: The tests in this group can 
slowly change (within months or years). Liver has the 
reserve capacity so that some products of liver (T-CHO, 
CHE, ALB, and TP) do not have low values until its re-
serve capacity is exhaustive (the terminal state of 
chronic hepatitis, i.e., liver cirrhosis). Two kinds of tests 
in this group are: going down tests: T-CHO, CHE, ALB, 
TP, PLT, WBC, and HGB; and going up tests: D-BIL, 
I-BIL, T-BIL, and ICG-15. 

 
2.2.2 Extraction of data subsets 

The data extraction aims to create an appropriate dataset 
for solving each of problems P1-P3. These are supervised 
datasets where each patient’s data correspond to temporal 
sequences of test values and the patient has a value of the 
class attribute such as “type B” or “type C” of hepatitis 
(problem P1); “F0”, “F1”, “F2”, “F3” and “F4” of fibrosis 
stages (problem P2); “response”, “partial response”, “ag-
gravation”, and “no change” of the interferon therapy (prob-
lem P3).  

The extraction of data subsets deeply depends on the do-
main context. It is important to recall that the result of tem-
poral abstraction also strongly depends on how episodes on 
which data are abstracted were taken. In this research we 
usually investigated the episode of 5 years (with some other 
trials up to 10 years) according to the suggestion of medical 
doctors. As the goal of the problem P1 is to find the set of 
historical sequences of some tests to explain hepatitis B or C, 
the sequence of each test was forwardly taken from its be-
ginning point to the point where the sequence reaches the 
episode length. In cases of problems P2 and P3, the se-
quences were backwardly taken from the biopsy date or the 
starting day of interferon therapy, respectively, to the point 
where the sequence reaches the episode length.  

The complete solution to these problems requires different 
TA methods for processing short-term changed tests and 
long-term changed tests. Our work concerning a basic TA 
method for long-term changed tests will be presented in the 
next section. The TA algorithm method for short-term 
changed tests was introduced in [4] while some related no-
tions are mentioned here. 

 

3. Basic Temporal Abstraction Method for 
 Long-Term Changed Tests  
 
After having the preprocessed data subsets with test se-

quences taken in the given episodes, the task of basic TA is 
to find abstractions of those sequences. Our basic idea to ab-
stract a sequence is to map it into a set of abstraction pat-
terns viewed as combinations of TA primitives in subse-
quences. To this end, our method consists of two parts: (1) to 
determine typical abstraction patterns; and (2) to assign each 
test sequence into one of abstraction patterns.  

3.1 Determination of Typical Abstraction Patterns 

This problem can be stated as follows: Is it possible to 
determine a small number of typical abstraction patterns to 
be used to characterize most real sequences observed. In our 
opinion, the solution to such a problem can be well obtained 
by a combination of TA primitive computation with human 
inspection using visual tools.   

 
3.1.1 The TA primitives of long-term changed tests 

The TA primitives are commonly used in temporal ab-
straction [1], [5], [7], [9] and mainly concern with the states 
and trends of sequences. 

A test value can lie in the normal region determined by 
medical doctors (with upper and lower bounds) or out of the 
normal region (high or low regions). Consequently, the state 
of any sequence or subsequence can be judged with the fol-
lowing TA state primitives: N (normal), L (low), VL (very 
low), XL (extreme low), H (high), VH (very high), and XH 
(extreme high). Note that the thresholds to determine these 
primitives are greatly different with respect to different tests. 
The thresholds to distinguish the state primitives of tests are 
given by medical doctors, for example, those to distinguish 
values N, H, VH, XH of “total protein” are 5.5, 6.5, 8.2, 9.2 
where (5.5, 6.5) is the normal region. The long-term 
changed tests, whose values tend to gradually and smoothly 
change, usually have values of “N”, “L” and “H” of the state 
primitives because the extremely far values hardly occur. 
The values of “VH”, “XH”, “VL” and “XL” basically can be 
observed in short-term changed tests.  

In this work we consider the following TA trend primi-
tives of long-term changed tests: S (stable), I (increasing), FI 
(fast increasing), D (decreasing), and FD (fast decreasing). 

 
3.1.2 Observation and determination of abstraction patterns  

In case of hepatitis data, the sequences taken in long epi-
sodes usually have complex changes. Our approach to de-
termination of abstraction patterns is based on careful ob-
servations and analysis of various real sequences. To this 
end, we created a simple tool in MATLAB for visualizing 
the sequences of tests in a given episode. As preliminary 
work, we observed almost sequences of patient’s test values 
in the hepatitis database to get an idea about the possible ab-
straction patterns.  

In case of long-term changed tests, we have observed two 
main groups of sequences. One is a group of sequences that 



greatly fluctuate between the boundaries of the normal range. 
The other is a group of sequences that smoothly change be-
tween the normal, high or low regions. In case of short-term 
changed tests, the move is sometimes very rapid and the de-
viation from the base line of the sequence is very big. The 
baseline of a sequence often keeps a same level from the 
boundary in case it is out of the normal region but the dis-
tance from the normal boundary varies.  

Our basic views in abstraction patterns is the proposed 
notions “change of state” to characterize long-term changed 
tests sequences, and the notion of “base state” and “peaks” 
to characterize the short-term changed tests sequences. For 
the short-term changed tests, a new state primitive, denoted 
by “P”, indicates whether peaks appear in a given sequence.  

 
3.1.3 Relations between TA primitives  

By observations and visual analysis we detected and for-
mulated four kinds of relations between primitives:  
“change state to” (>): shows that the state of a sequence 

changes from one region to another region. This relation 
can occur in long-term changed tests.  

“and” (&): connects a state primitive and the peak primitive, 
and occurs in short-term changed tests. 

“and then” (–): connects a state primitive and a trend primi-
tive in long-term changed tests. It expresses a trend in the 
sequence that does not change to another state ever after. 

“majority/minority” (/): connects two adjoining states for 
describing sequences of long-term changed tests that 
fluctuate in the boundary of two regions. The state before 
the primitive “/” is the state where majority of points in 
the sequence belong to. For example, “X/Y” means that 
the majority of points are in state X and the minority of 
points is in state Y. 

By analyzing various available sequences, we formulated 
four possible structures of abstraction patterns that can be 
used to represent most hepatitis sequences. 

 
<pattern> ::= <state primitive>            
<pattern> ::= <state primitive> <relation> | <state primitive> 
            | <trend primitive> 
<pattern> ::= <state primitive> <relation> <peak> 
<pattern> ::= <state primitive> <relation>  

<state primitive> <relation> | <state primitive> 

 | <trend primitive> 

Fig.1. Structure of abstraction patterns 

Here are examples of abstraction patterns:  
“ALB = N” (ALB is in the normal region),  
“CHE = H−I” (CHE is in the high region and then increas-

ing), 
“GPT = XH&P” (GPT is extremely high and with peaks),  
“I-BIL = N>L>N” (I-BIL is in the normal region, then changed to 

the low region, and finally changed to the normal region). 

We developed and used the following procedure to iden-
tify typical abstraction patterns: 

 

1. Consider the abstraction patterns structures as formulas and the 
<state primitive>, <trend primitive> and <relation> as their 
variables. Create all possible candidate abstraction patterns by 
replacing the <state primitive>, <trend primitive> and <rela-
tion> with their possible values. 

2. Randomly take a large number of sequences from the datasets, 
visualize and manually match them with the candidate abstrac-
tion patterns to see each of them matches which candidate ab-
straction pattern. 

3. Eliminate the candidate abstraction patterns that have no or a 
small number of matched sequences. 

Fig. 2. Procedure for determining typical abstraction patterns 
 
After applying the procedure and consulting medical doc-

tors, we tentatively determined 22 typical patterns for 
long-term changed tests shown in Fig. 3. (Also, 8 typical 
abstraction patterns were determined for short-term changed 
tests as shown in Fig. 4.). 
 

 
Fig. 3. Typical abstraction patterns for long-term changed tests 

 
 

 
Fig. 4. Typical abstraction patterns for short-term changed test 

 



Our key idea is to use the “change of state” to characterize 
sequences of the long-term changed tests. The “change of 
state” contains information of both state and trend, and can 
compactly characterize the sequence. We firstly distinguish 
two kinds of sequences: those fluctuate around the boundary 
of the normal region and those do not. The latter can be then 
observed if at their beginning, the first data points take 
which of the three states “N”, “H”, or “L”. It will happen 
that either the sequence changes from one state to another 
state, smoothly or variably (at boundaries), or the sequence 
remains in its initial state without changing. 

We determined four groups of abstraction patterns for 
long-term changed tests: 
– “Varying states”: Consisting of patterns that fluctuate 

around the boundary of the normal region (N/H, H/N, 
N/L, L/N): 

– “Change from high state”: Consisting of abstraction pat-
terns H−S, H−I, H−D, H>N, H>N>H;  

– “Change from low state”: Consisting of abstraction pat-
terns L−S, L−D, L−I, L>N, L>N>L;  

– “Change from normal state”: Consisting of abstraction 
patterns N, N>H, N>H−D, N>H>N, N>L, N>L>N, 
N>L−I. 

 
3.2 Basic TA algorithm for long-term changed tests 
 

The second step in our TA method is to assign each test 
sequence into one of abstraction patterns. The algorithm de-
scribed in Fig. 5, which is intrinsically based on the proper-
ties of hepatitis long-term changed tests, allows to us to do 
this task.   

 
3.2.1 Notations and parameters used in the algorithm 

The basic idea of the algorithm is as follows: If the se-
quence is not fluctuated around the boundary of the normal 
region, specify its state at the beginning and at the end sub-
sequences as well as the changes in the middle in order to 
match it with the abstraction patterns. To this end, a number 
of intermediate functions are defined on the sequence S.  

Functions 
– High(S): # points of S in the high region 
– Low(S): # points of S in the low region 
– Normal(S): # points of S in the normal region 
– In(S) = Normal(S)/ (High(S) + Normal(S) + Low(S)) 
– Out(S) = 1 - In(S) 
– Cross(S): # times S crosses the upper and lower bounda-

ries of the normal region 
– Firstσ(S), Lastσ(S): State of the subsequence with length σ 

from the first point or the last point of S. 
– State(S): State of S (one of the state primitives) 
– Trend(S): Trend of S (one of trend primitives) 

Parameters 
The following parameters (thresholds) α, δ, ε, σ (integer), 

and β (real) are used in the algorithm whose values are dy-
namically and experimentally specified in relation with the 
length n of the sequence.  

α: Threshold regarding the number of times the sequence 
crosses the boundaries of the normal region.  
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β: Threshold regarding the ratio of points in the sequence 
being in or out of the normal region.  
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δ : Threshold regarding the number of sequence points that 
are in the high region. We employed δ = α. 

ε: Threshold regarding the number of sequence points that 
are in the low region. We employed ε = α/2. 

σ: Threshold regarding the length of the first or last subse-
quences. By default we take σ as 6 months. 

 

3.2.2 The algorithm 
This algorithm is context-sensitive and depends on the 

parameters. With the parameters taken as mentioned above, 
most testing sequences were correctly identified, and only a 
few sequences were undetermined. 
 
 
Input: A sequence of patient’s values of a test with length n de-

noted as S00 = {s1, s2, …, sn} in a given episode. 
Output: An abstracted pattern of the sequence derived from the 

sequence. 
Parameters: α, δ, ε, σ (integer), β (real) 
Notations: S10 = [s1, median], S20 = [median, sn], S11 = [s1, 1st quartile], 

S12 = [1st quartile, median], S21 = [median, 3rd quartile], S22 = 
[3rd quartile, sn] 

A. Identification of patterns with many crosses  
1. If Cross(S00) > α ∧ In(S00) > Out(S00) ∧ High(S00) > Low(S00) 

then N/H  
2. If Cross(S00) > α ∧ In(S00) > Out(S00) ∧ High(S00) < Low(S00) 

then N/L  
3. If Cross(S00) > α ∧ In(S00) < Out(S00) ∧ High(S00) > Low(S00) 

then H/N  
4. If Cross(S00) > α ∧ In(S00) < Out(S00) ∧ High(S00) < Low(S00) 

then L/N  

B. Identification of patterns without many crosses  
5. If In(S00) > β then N  
6. If Out(S00) > β ∧ State(S00) = H ∧ Trend(S00) = S then H−S  
7. If Out(S00) > β ∧ State(S00) = H ∧ Trend(S00) = I then H−I  
8. If Out(S00) > β ∧ State(S00) = H ∧ Trend(S00) = D  
   ∧ Last(S22) = H then H−D  
9. If Out(S00) > β ∧ State(S00) = L ∧ Trend(S00) = S then L−S  
10. If Out(S00) > β ∧ State(S00) = L ∧ Trend(S00) = D  then L−D  
11. If Out(S00) > β ∧ State(S00) = L ∧ Trend(S00) = I          

∧ Last(S22) = L then L−I  



C. Identification of patterns with changes from the normal region  
12. If Firstσ (S00) = N ∧ Cross(S00) < α ∧ Lastσ(S22) = H       

∧ Trend(S22) = I ∧ Low(S00) < ε then N>H  
13. If Firstσ (S00) = N & Cross(S00) < α & Lastσ(S22) = H & 

Trend(S22) = D ∧ Low(S00) < ε then N>H−D  
14. If Firstσ (S00) = N ∧ Cross(S00) < α ∧ High(S00) > δ 

∧ Lastσ(S22) = N ∧ Trend(S22) = D ∧ Low(S00) < ε then 
N>H>N  

15. If Firstσ (S00) = N ∧ Cross(S00) < α  ∧ Lastσ(S22) = L       
∧ Trend(S22) = D ∧ High(S00) < ε then N>L  

16. If Firstσ (S00) = N ∧ Cross(S00) < α  ∧ Lastσ(S22) = L       
∧ Trend(S22) = I ∧ High(S00) < ε then N>L−I  

17. If Firstσ (S00) = N ∧ Cross(S00) < α ∧ Low(S00) > 
δ ∧ Lastσ(S22) = N ∧ Trend(S22) = I ∧ High(S00) < ε then 
N>L>N  

D. Identification of patterns with changes from the high region  
18. If Firstσ (S00) = H ∧ Cross(S00) < α ∧ Lastσ(S22) = N 
    ∧ Low(S00) < ε then H>N  
19. If Firstσ (S00) = H ∧ Cross(S00) < α ∧ Normal(S00) > δ     

∧ Lastσ(S22) = H ∧ Trend(S22) = I ∧ Low(S00) < ε then 
H>N>H  

E. Identification of patterns with changes from the low region  
20. If Firstσ (S00) = L ∧ Cross(S00) < α ∧ Lastσ(S22) = N       

∧ Low(S00) < ε then L>N  
21. If Firstσ (S00) = L ∧ Cross(S00) < α ∧ Normal(S00) > δ ∧ 

Lastσ(S22) = L ∧ Trend(S22) = D ∧ High(S00) < ε then L>N>L  
22. If NULL Then Undetermined. 

Fig. 5. Basic TA algorithm for long-term changed tests 
 

4.  Complex Temporal Abstractions 
 

4.1 The statistical significance of discovered knowledge 
 
The complex temporal abstractions in our framework are 

achieved by applying data mining algorithms to the datasets 
obtained by basic TA algorithms. The data mining systems to 
be applied here are the rule induction program LUPC of 
system D2MS [4] and the association mining program in 
system Clementine. As usual, large numbers of association 
rules or prediction rules were found. A critical question is 
which of them are statistically significant and were not 
found due to chance? 

  
Table 1. Ratio of statistical significant rules over rules found 

Sup Conf Significant/Total Sup Conf Significant/Total

1 
1 
2 
2 
3 
3 
5 
5 

75 
95 
75 
95 
75 
95 
75 
90 

341/4530 
41/1158 
239/1585 

26/215 

197/949 

21/102 

146/429 

23/101 

5 
7 
10
10
10
20
30
40

95 
75 
75 
80 
90 
75 
75 
75 

15/48 
124/256 
95/140 
30/67 
7/27 
28/30 
11/11 
2/2 

 
In this work we employed the method of evaluation of 

statistical significance in [2]. This method carries out three 
kinds of hypothesis testing: (1) the significance of the con-
sequence of the rule; (2) the significance of antecedent of the 
rule; and (3) the significance of the accuracy/confidence of 
the rule. Table 1 shows the ratio of rules verified to be sta-
tistically significant with 5% of significance level over the 
total number of rules found for the problem P1 on type B 
and C of hepatitis. The next subsections present rules found 
and checked their statistical significance. 
 
4.2 Rules on hepatitis B and C 

Table 2 shows a set of rules concerning the difference 
between hepatitis B and C obtained by LUPC, from which 
we can draw some remarks as follows.  
− The tests ALB, CHE, D-BIL, TP, and ZTT are frequent in 

rules. 
− The appearance of tests GPT and GOT might not be nec-

essary to distinguish types B and C of hepatitis, but GOT 
value of the rules describing the type B is “N&P”, while 
many are “H” for the type C. 

− There are not many rules with large coverage for type B.  
− Rule 32 is simple and interesting as it confirms that among 

four typical short-term changed tests, TTT and ZTT have 
sensitivity to inflammation but they do not have enough 
specificity to liver inflammation. The rule says that “if 
ZTT is high but decreasing we can predict the type C with 
accuracy 83%”. 

− Rule 29 “IF CHE = N and D-BIL = N THEN Class = C” is 
also typical for type C as it covers a large population of 
the class (173/272 or 63.6%) with accuracy 82.08%. 
 

Table 2. Rules for classifying hepatitis B and C 

 
 
4.3 Rule on effectiveness of interferon therapy  

Table 3 shows rules found for two classes of response and 
non-response cases to interferon. It can be observed that 
many rules describing the non-response class are with pat-
terns on GPT and/or GOT having values “XH&P”, “VH&P”, 



“XH”, or “H”, while many rules describing the response 
class are with patterns on GPT or GOT having values 
“N&P” or “H&P”. The results allows us to hypothesize that 
the interferon treatment may have strong effectiveness on 
peaks (suddenly increasing in a short period) if the base state 
is normal or high. It can be hypothesized that when the base 
state is very high or extremely high, the interferon treatment 
is not clearly effective. 

Table 3 Rules on responses to IFN 

 
 
4.3 Rules on fibrosis stages 

Table 4 is a set of rules for problem P3 obtained by Apri-
ori algorithm. It contains 10 rules discovered for fibrosis 
stages F1 and 8 rules for fibrosis stage F3. According to the 
table, the first rule describing fibrosis stage F1 can be read 
as “if GOT = N&P and TP = N/L then the class is F1”. It is 
interesting that the rules describing fibrosis stage F1 and F3 
are well separated: 
 

Table 4. Discovered association rules and their coverage 
with min_sup = 5% and min_conf = 80% 

 
 
− The rules describing the fibrosis stage F1 except the first 

one 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–I”. 

− The rules describing the fibrosis stage F3 can be distin-
guished from those of F1 by the combinations “TP = N/L 
and (D-BIL = N or CHE = N)”, or “GOT = N&P and CHE 
= N”. 

5.  Conclusions 
 
We have presented a TA approach to mining long-term 

changed tests in temporal hepatitis data. Our TA approach 
differs from related temporal abstraction approaches in 
dealing with irregular time stamped data of multiple vari-
ables.  

The findings by our temporal abstraction methods are 
positively evaluated by medical doctors in terms of novelty, 
acceptability and utility. They have evaluated many found 
patterns (rules) as new and interesting, and the sets of rules 
partially answered the problems under consideration (P1, P2, 
and P3). 
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