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ABSTRACT

Discovering patterns in sequences of events has been an area of
active research in Artificia Intelligence and Data Mining. Many
existing techniques which generate sequential association rules
have two mgjor problems: they either produce too many rules or
they cannot discover rules that have high confidence, but weak
support. Both cases make manual inspection and analysis very
difficult. The focus in this body of work is on discovering such
rules in arecognized group of special databases, in which data are
not uniformly distributed and exhibit self-similarity and fractal
dimensionalities. We introduce, study and analyze a group of
sequential association rules as time-invariant and self-similar
association rules. We provide a formalism to discover such rules
through the discovery of association rules with the high degree of
confidence and support. Time-invariant and self-similar
association rules has been investigated in the context of Critical
Care database which has been collected during past 15 years at the
King Drew Medica Center and Harbor UCLA Hospital. Even
thought the obtained result is in early stage but they are
encouraging and we would like to apply this technique to other
synthetic and real databases in the future.
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1. INTRODUCTION

Much of the existing data mining techniques have been focused
on designing efficient methods to mine knowledge and patterns
from databases. Sequential association rule is one the most well
known form of extracted knowledge. Instead of statistical methods
which are looking for a global model for data, association rules
mainly find local patterns. An association ruleisin the form (P 7
Q), where P and Q are sets of attributes, meaning that in the rows
of the database where the attributes in P have true value, also the
atributes in Q tend to have true value. Association rules define
with two major parameters: support and confidence. The support
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of agiven ruleistheratio of the records having true values for the
atributes of (POQ) to number of al records, whereas the
confidence of that ruleis the ratio of the number of records having
true values for attributes of (PnQ) to the number of records
having true values for attributes of P.

The main approach for mining association rule in general derives
by Agrawa et a [4] cal apriori, which exploits the support
requirements for association rules. The key observation isthat if a
set of attributes appears in afraction of the tuples, then any subset
of such set also appears in a fraction of the tuples. Variants and
enhancements of this approach underlie essentialy all known
efficient algorithms for computing association rules or their
variants. The genera agorithm mainly works with the support
level and confidence requirement plays no role in the algorithm,
and is completely ignored until the end of the discovery loop
when high-supported sets are screened for high confidence.

Many existing techniques which generate association rules are
facing two major problems: they often either produce too many
rules and/or they cannot find interesting rules. By interesting
rules we refer to those rules which have extremely high
confidence, but for which there is weak support. Both cases make
manual inspection and analysis very difficult.

This work is motivated by the open question of discovering
interesting rules. For example, in medical treatment domain, the
standard association rule algorithms may be useful for extracting
patterns with high support such as

“if treatment A applies to patient in first hour of
admission, sherecoversin less than 8 hours”,

but are essentially useless for discovering rules such as

“if treatment A applies to patient after 96 hours, she
may recovers after4 days”

because there are only afew patients who received the treatment
after the 96 hours following the admission procedure.

There are two possible objections to removing the support
requirement form the discovery process[6]. First, this may cause
an explosion in the number of rules that are produced and make it
difficult for a user to distinguish the rules of interest or take huge
amount of time to discover such rules. Second, it may be argued
that rules of low support are uninteresting. While this might be
true in the classical market-basket applications, there are many
applications where it is essentiad to discover such rules of
extremely high confidencewithout enough support For many



scientific databases interesting rules are indeed very crucial and
does not happen so often. To name a few: medical database,
financial datasets including transaction databases, identifying
identical or similar documents or web pages, identifying similar
vectors in high-dimensional spaces and collaborative filtering [6]
are examples in which a rule with low-support and high
confidence is very crucial . Some of these applications consists of
a sparse table and the god is to identify column pairs that appear
to be similar, without any support requirement. In addition,
detecting causality is another important form in data mining,
where it is important to discover associated fields, but there is no
notion of support [17].

The implicit assumption in some of the studies on sequential
association rules is that the data is uniformly distributed and
attributes are independent from each other. This assumption
basicaly implies that a-priori like algorithms do not use of the
data structure, shape and characteristics. However, real data sets
disobey these assumptions. A recognized groups of data typically
are skewed and exhibit fractal dimensionalities. For instance, most
of the biological systems contain self-similar structures that are
made through recurrent processes. In these databases, the
information and embedded complexity are hierarchical. In
addition, they are sef-similar and/or contain self-similar
structures and/or have been generated through recurrent processes
a least up to a certain level. Many physical systems contain a
form of functional self-similarity that owes its richness to
recursion. Human brains, economic markets, musica notes,
network data also create enormously complex behavior that is
much richer than the behavior of the individual component units.
New findings in different branches of science and technology aso
show the presence of self-similarity in different domains. To name
a few: medica diagnosis (physician treatment and patient
response), Robot navigation (robot move and environment
response to robot sensors) and Network behavior monitoring
(packet transmission, switch behavior and network response) are
examples of such environments.

The main god of this paper is to provide a novel technique to
address above-mentioned problems for a specia form of temporal
databases which shows self-similarity up to a certain degree. In
general, self-similarity or long range dependence refers to
observation of similar patterns when a discrete or
continuous time process is scaled in time. The process in
larger scale is a copy of itself in smaller time scales. We
employ such idea for self-similar databases. The presence
of arulein small scaleisacopy of itself inlarger scale and
vise versa. As regular a-priori algorithms discover rules in
smaller scale with enough user define support we can
discover rulesin larger scale through the discovered rulesin
smaller scale even if they do not have enough support.

While there have been much effort on observing self-similar
structures in scientific databases and natura structures, there is
few work on using self-similar structure and fractal dimension for
data mining, predictive modeling and forecasting. Among these
works, using fractal dimension and self-similarity for managing
the dimensionally curse [19], learning association rules [5],
application in spatia joint selectivity in databases [9] and Self-
Similar Layered HMM for sdf-similar structures [2] are
considerable.

The rest of this paper is organized as follows. In section 2 we
explain the problem statement along with notation and definitions.
In section 3 we outline related work to this paper. In section 4, we
introduce the time-invariant association rules for sequentia
databases, its definition and properties. In section 5 we discuss or
method on discovering time-invariant sequential association rules.
Section 6 shows the current result with an experimental finding in
Critical Care patient database followed by the future work and
conclusionsin section 7.

Table 1: Example of a Critical Care database

Patient ID=1
Type | Time Perception/Action
1 P 8 0,=101 0,=1.5 05=0
2 P 12 0,=120 0,=1.2 05=1
3 A 13 X
4 P 24 0,=144 0,=1.5 05=1
5 A 26 X
6 P 28 0,=106 0,=1.3 05=-1
7 A 32 Y
8 P 38 0,=132 0,=1.2 05=1
9 A 44 X
10 P 55 0,=101 0,=1.5 05=-1
11 P 67 0,=108 0,=1.6 05=1
12 A 83 X
13 P 90 0,=144 0,=1.7 05=1
14 A 110 Y
15 P 121 0,=111 0,=1.8 05=-1
16 A 134 X
17 P 165 0,=123 0,=0.5 05=-1
18 A 178 X
19 A 181 X
20 P 182 0,=109 0,=0.6 05=-1
21 P 200 0,=115 0,=0.8 05=1
22 A 202 X

Patient ID=2
Type | Time Perception/Action
1 P 9 0.=100 0-,=1.0 0.=0
2 P 13 01=121 02:1.1 03=l
3 A 15 X
4 P 27 01=l43 02:1.3 03=l
5 A 29 X
6 P 31 01=116 02:1.7 03:-1
7 A 36 Y
8 P 38 0,=112 0,=1.6 Oz=-1
9 A 46 X
10 P 54 01=100 02:1.0 03:-1
11 P 60 01=99 02:1.5 03:-1
12 A 79 Y
13 P 92 0,=108 0,=1.4 03=1
14 P 110 0,=121 0,=1.2 03=1
15 A 134 X
16 P 145 0,=140 0,=0.9 03=1
17 A 153 X
18 P 162 0,=111 0,=0.7 Oz=-1
19 A 177 Y
20 P 190 0,=113 0,=0.8 03=1
21 P 204 0,=120 0,=1.3 03=1
22 A 250 X




2. PROBLEM STATMENT

We are given a database of sequences D={d,,d,, ...,d}. Each
sequence d; belongs to a patient, customer or in general belongs to
an entity and consists of a collection of perceptions and actions.
Each item in a sequence is either a perception or an action. Each
perception consists of: entity_id ,perception-time and
attribute_set (attribute_id, attribute_valde Each action aso
consists of entity id, action_ time, action_idTable 1 shows
examples of 2 different patients in a given database. Perceptions
O, O, and O3 has been observed for al patients across the
database and treatments X and Y has been applied. Grayed rows in
Table 1. refer to actions.

2.1 Definition

Given a database D of N data-sequences, an action set of C and
Perception set O, user-specified min-gap and max-gap time
constraints, the problem of mining interesting sequential patterns
is to find all sequences whose support is greater than the user-
specified minimum suppodr its confidence is greater than the
user-specified minimum confidendgach sequence represents a
sequential pattern of perception and action, aso caled an
interesting sequence

Note that the notion of min-gapand max-gap are different with
what Agrawal et a introduced in [3]. In their work the min-gap
and max-gapbasicaly is used for removing noise and outliers in
time series matching process. However in our point of view min-
gap and max-gaprefers to the length of a sequential pattern in
generd. If welook at an association rulesin form (P 7 Q), where
P and Q are sets of attributes, min-gap associate with P while
max-gap associate with P and The definition of min-gapand
max-gap will be explained later in this chapter.

The main idea is to discover interesting rulesby scaling the
general sequential association rules (mainly those which satisfy
minimum-suppojt The notion of scaling which associate with
min-gapand max-gapwill explain in section 4.

We do consider quantities of perceptions but do not consider the
quantities for actions (for example the dosage of drug in our
example): each item is a number for actions and a function of
quantity for perceptions. Without loosing generality and for the
purpose of better understanding we map actions and perceptions
to different set. We denote a sequence by <s;,S,...$> in which s
is an action or perception. Each 5 will be atuple of quantities and
the time (value, time) and it refers as item In genera we

perception

sartend N which i refers

demonstrate each sequence with S(i)

to entity id , perceptionstands for the index of the observed
perception and start and end refers to the starting point and
ending point of a given sequence. For instance, perception O; for
patient ID = 1 in Tablel will be shown as the following:

S(1)310 =<(0.8).(1.12),(X,13),(1,24),(X,26),(1,28),(Y.32),(1,38),
(X,44),(1,50)= For the short note we only show the value of
perception and action : S(1)3;,=<0,1,X,1,X,1,Y,1,X,1>For a

specific item j in sequence S(i)gewe use S(i)JP. In addition to
show the time of a given item in sequence S(i)"we use of

T(S(i) jp). For instance in previous example T(S(l)g) =12.

2.2 Pattern

We define a pattern as a sequence with additional capabilities to
normal sequence. Firgt, a pattern can have a general observation
symbol standing for all possible observation or action. We show
this symbol by [A] for actionsand [O] for observations and [1] for
either action or observation. A pattern also can have* in front of
each itemin sequence. A * represents the zero to infinite number
of such item. We denote a pattern with P and the Lp=|P| represent
the length of pattern. Patterns only represent the values and do not
contain the time of sequence. Table 2 shows a full definition of
pattern notation. For instance P;=<[A]*1,X,1,Y,[l]*,1> and
P=<1,[I]*A[l]*,1] ae simple examples of patterns and
S(i) §e=<1,0,X,Y,1>and S(i)¢,=<1,1,X,0,Y,-1,1are example
of sequences which satisfy P,.

We aso associate a max-gap(Gye) and min-gap (Gnin) with a
pattern.  Gno and G, basically control the length of the
sequence. If we consider a sequence in the form of P [7 Q, in

which P refersto S(i)f|L—u and Q refersto S(i)lfl, Girax CONtrols

the length of the whole sequence and G, controls the length of
the P partin P /7 Q. Hence, for agiven pattern with defined G
and Gmin

T(SG) ) ~T(S0)?) < Gra
T(SM)Py)~T(SH)P) > Grin

Table 2: Notation and Definitions

Symboal Description Example

item Either Action or Perception X,1

A Actions X

O Perceptions -1

[A] Any kind of actions Y

[O] Any kind of perceptions 1

n Any item (actions or perceptions) X1
Y* Unlimited number of perception Y Y,Y,Y
[A]* Unlimited number of actions X,Y,X
[O]* Unlimited number of perceptions 1,11

[n* Unlimited number of actions or X,1,Y,-1
perceptions

Rephrasing the problem statement, we are looking for all frequent
patterns <gs,,...s> when their confidence is grater than user
defined minimum-confidence even if their support is less than

minimum-support, while andT(S(i)l‘;l) ~T(S(i){) <Gmax and
T(S(i)lg_ﬂ)—T(S(i)l”) > Gpin- In our definitionsupport is the
frequency count of a sequencﬂi)ge:<ss,sz,...§> in D, and

confidence will be as: Frequency count o8(i){, = <ss,..., s>/



Freguency count of S(i)gn_l = <s,,..., $1>. Asit showswe are
looking for if-thentype of rule (P 7 Q) in which if part refersto
S(i)% -, and thenpart refersto S(i) ¢, -

3. RELATED WORK

Sequential pattern mining is an important data mining problem
with broad applications, including the analyses of customer
purchase behavior, Web access patterns, scientific experiments,
disease treatments, patient database, natural disasters, DNA
sequences, Network data analysis etc. In Al a lot of work has
been done for discovering patterns in sequential data [12] [8]. In
the database context, where input data is usually much larger, the
problem has been studied in a number of recent papers [6, 18]
[14] [4]. In [14] event sequences are searched for frequent
patterns of events. These patterns have a simple structure
(essentially a partial order) whose total span of timeis constrained
by a window given by the user. The technique of generating
candidate patterns from sub-patterns, together with a sliding
window method, is shown to provide effective algorithms. In [4]
the problem of discovering sequentia patterns over large
databases of customer transactions is considered. Similarly to
[14], the strategy of [4] is starting with simple sub-patterns
(subseguences in this case) and incrementally building longer
sequence candidates for the discovery process (Apriori
Algorithm). Almost all of the previously proposed methods for
mining sequential patterns and other time-related frequent patterns
are apriori-like, which states the fact that any super-pattern of a
non-frequent pattern cannot be frequent. Based on this heurigtic, a
typical-like method such as GSP [18] adopts a multiple-pass,
candidate-generation and test approach in sequential pattern
mining.

Han et al proposed a technique to mining sequential data without
candidate generation [10]. They introduced frequent pattern tree
structure, which is an extended prefix tree structure for storing
compressed, crucial information about frequent patterns, and
develop an efficient FP-tree-based mining method, FP-growth, for
mining the complete set of frequent patterns by pattern fragment
growth. The work in [20] aso deals with the discovery of
sequential patterns. In [20] the considered patterns are in the form
of specific regular expressions with a distance metrics as a
dissimilarity measure in comparing two sequences. In [21] a
scenario is considered where sequentia patterns have previously
been discovered and an update is subsequently made to the
database. Das et a in their work [7] presents a new method for
rule discovery from time series data. They slide a window over
data and find the class of the subsequence and then find common
episodes in represents.

Many researchers have studied the problem of too many rules and
discovering interesting rules (e.g., Piatesky-Shapiro & Matheus
1994; Klemetinen et ad 1994; Silberschatz & Tuzhilin 1996; Liu
& Hsu 1996; Padmanabhan & Tuzhilin 1998) have been proposed
to help the user find interesting rules from a large number of
discovered rules. The main approaches are either using some
interestingness measures to filter out those uninteresting rules or

There are a few works, which attempt to incorporate the self-
similar information in the association rule discovery. Barbara
introduced using the fractal dimension to analyze how association
rules occur in a dataset [5]. They developed a two tire techniques.
First, as a k-itemset is under consideration, and they are scanning
the dataset to compute its support, they also roll a window and
compute the fractal dimension of the occurrence of this rule as the
algorithm goes through the data. Secondly, if this itemset is found
to have a lot of support, enough information about the fractal
dimension of this rolling window will be kept to be used when
processing the k+1 extensions of this itemset in the next iteration
of the algorithm. Our work is different with [5] as we address
scalability and interesting rules rather than using fractal
dimension to find those rules.

4. TIEM INVARIANT SEQUENTIAL
ASSOCIATION RULES

The notion of time-invariant sequential association rules refers to
a group of discovered rules in which a change such as scaling in
time constraints implies a new rules with enoumipport or
confidence. As pattern in smaller scale repeats in larger scale, a
new rules may discover by the change in time constraint of
discovered rules such &, and G, Time-invariance space is
broader than self-similarity space. While self-similarity has to be
maintained in different scale of a given data, the notion of time-
invariance does not need such requirements and may only
maintains in one or two scales.

On the other hand, the notion of self-similarity in general helps to
understand the concept of time invariance in a continuous time
series or discrete database. In the following, we review briefly the
notion of self-similarity in continuous domain and we provide a
detail definition for time-invariant sequential association rules and
self-similar sequential association rules.

4.1 Self Similarity

The mathematical study of self-similar shapes and their

relationship to natural shapes was first presented by Benoit
Mandelbrot. Self-similar stochastic processes were introduced by
Kolmogorov in a theoretical context and brought to the attention

of probabilists and statisticians by Mandelbrot and his co-workers
and have been used in hydrology, geophysics, biophysics, and
biology and communication systems [13].

In general, self-similarity or long range dependence refers to
observation of similar patterns when a discrete or continuous time
process is scaled in time. The process in larger scale is a copy of
itself in smaller time scales. In self-similar signals the key
parameter is not the mean or variance, but the degree of self-
similarity, defined via the Hurst parameter. The notion of self-
similarity is not merely an intuitive description but a precise
concept captured by the following rigorous mathematical
definition. Let X be wide sense stationary process, that is; a
process with constant mean and finite variance and auto

correlation function r(k). For each m=1,2,..., ™ denotes a
new time series obtained by averaging the original series X over

) X ) 9 . non-overlapping blocks of sizen. That is for eachm=1,2,... ,
using the user’'s domain. Cohen et al studied the finding rules with

high confidence and low support. They developed a family of X ™ s given by Xk(m) =1 M(X a1 * -+ Xy) . which
algorithms, employing a combination of random sampling and

. m)
hashing techniques. K =1 . Note that for each m, the aggregated time seXdd



defines a wide sense stationary process; let r(m denote the
corresponding auto correlation function. The process X is caled
exactly H-sef similar if for all m>0 it holds

km
X, =m™H X,
i=(k=Dm+1

By looking at a self-similar sequential data generated through
recurrent process, a macro point of view suggests that the overall
system behavior is more a trgjectory among phases. As a self
similar process repeats it self , a pattern will be repeated in
different scales. Discrete self-similarity share the same
characteristics with continues domain. In the following we define
the time-invariant sequential association rules and self-similar
sequential association rules.

4.2 Time-Invariant Association Rules
In the following, we provide definition of time invariance and
self-similarity for association rules along with some examples.

Time-invariant Sequential Association Rule: A sequential
association rule such as P define as a frequent pattern, if it
satisfies user defined support and confidence with Gp, and
GPrax (Gppin refersto Gpin and Gpyux refers to Gy for pattern
P). P istime-invariant if there is a pattern such as Q, with Ggin
and GO, Satisfies minimum-support or minimum-confidence
when quin = Kmin * Gpmin and quax: Kmax * Gpmax (quin
refers to Gy, and GO refers to Gy for pattern Q). Pattern Q
cals interesting if it does not satisfy the minimum-support but
satisfies the minimum-confidence. Note that in most of the cases
Kmn and K.a belong to the same order of magnitude and

Komins Kmax DR

Self-Similar Sequential Association Rule: A pattern Q calls self-
similar sequential association rules if Q known as time-invariant
sequential association rule and if Q maintain such property for

different scale of Ky, and Ky inwhich K, Kg OR.

min

A self-similar data exhibits fractal dimensionalities up to a certain
level and has been generated through a recurrent process. The
fractal dimension of atime series and self-similarity may validate
through well-known agorithms such asintroduced in [11].

Example 1: Assume S = <1,X,Y,1,-1,1,0,X,X,X,2,Y,1,2,X,Y,1,X,
0,-1,1,X,-1,Y>. Pattern P = <L,[1]*X,[1]*,Y> with G.;,=3 and
Grax=4 Will have support = 3 and confidence = 3/5. If we scae
up this pattern with G, =6 and G»=12 the support and
confidence will be 2 and 2 respectively.

Example 2: Table 1 shows an example of Critical Care database.
There are two patients in the database with a series of perceptions
and actions. No patient has more than one transaction with the
same transaction-time. We do not consider quantities of given
treatment applied to patient for this stage: each item is a variable
representing which treatment was given to the patient or not. A
treatment set is a non-empty set of treatments. A sequence is an
ordered list of perceptions (signs) and actions (treatments).

For the pattern P=<1,[1]* ,X,[1]*,1> with Gpp,= 10 and Gpne=
100, support is equa to 5 and confidence is 5/8. If we set the
minimum support equal to 4, P passs the support filter and itisin
the result. However, for the pattern R=<1,[11*,X,[I]*,1> with
Gruin= 150 and Gr,u= 300 does not pass the support filter,

because even though its confidence is equal to 1 but its support is
equal to 2.

The time-invariant sequential association rules provide such
facilities to cepture R having P with enough support.
Interpretation of a sequential association rule plays an important
role in rule understanding and rule scaling. For instance pattern P
and R can be interpreted as:

“if treatment A applied to patient right in 10 time units,
good response will be observed in less than 100 time
units”.

Similar to P, Pattern R can be interpreted as :

“If a treatment has applied to a patient in 150 time unit,
patient most probably response in a longer period (300
time units)”.

5. METHOD

The general approach is to find the frequent sequences which
satisfy the support level, G, and Gy in first step and scale the
discovered rules in second step to obtain new sequences which
satisfies an acceptable level of confidence In a departure of
previous techniques the main contribution of this methods comes
from the structure embedded in self-similar data The self-
similarity implies a rule in smaller scale may repeats in larger
scale even though if it may does not satisfy the user defined
minimum-supportis In the following we explain the major steps
with asimple pseudo code to capture such rules:

1. Find patterns with support greater than minimum-support
This part of the algorithm would be similar to the most of the
existing approaches. The main difference is in the frequency
count part of a pattern in which we apply the notion of min-
gap and max-gap Figure 1 shows the pseudo agorithm to
find the frequency count of a pattern in a sequence
considering min-gapand max-gap As it shows the algorithm
uses of a dynamic programming like algorithm to capture *
factor and gap constraints in the pattern. Similar to an a
priori like algorithm L keeps track of matches in pattern and
sequence. When a match occurs, L(i,j) increases when there
is a least a match in past items unless if it is a duplicate
pattern. F keeps track of time difference which will be
checked for G, and G T keep the exact time of a
perceptions and actions. Note that the sequence scanned only
once and the order of the apriori like agorithm has not
changed.

2. If there is not enough frequent pattern found in the data,
change the G, to a greater value. This increases the
possibility of observing frequent pattern in a sequence as *
play an important role in frequency count.

3. Since datais self-similar or has shown self-similarity up to a
certain degree, for all frequent patterns, scales up the rule by
scaling up the G and Gy, .

4. Scan D from the beginning and compute the frequency count
of the new rule. Store new rules if their confidence is greater
than user minimum-confidenceThese rules are essentialy
interesting cause they are not intuitive, but they could happen
only afew times for a perception-action data. As the number
of occurrences of these rules is relatively low they never
recognized in apriori like algorithms, which are support-
basedalgorithms.



5.2 Analysis
There are two major issues in knowledge discovery loop which
has to be considered. These issues are Time and Space.

Figure 1: Pattern Matching Considering G,in and Gpax

FindFrequentPattern(Pattern,Sequence,Gmax,Gmin);
initialization . . L .
Number of scan over the time series. a-priori like algorithm
scans databaseB time that is equal to number dflength
patterns satisfy theninimum-support. If we show the discovered
rules in step 1 aR and the lengtiR with Lg=|R|, we would scale

Loop in Sequence i
Loop in Pattern j
IF Sequence(i) == Pattern(j)

IF i==1[j==1
L(ij)=1; keep track record of matches
F(i.j)= 0; get thetime difference
T(i,j) = i-1; the exact time
Else IF L(i-1,j-1) ~=0
if window condition satisfies
L(ij)=L(i-1,j-1) + 1;
F(@i.j)= temp;T(i,j) = i-1;
Else IF find al non zero members in previous column
set index to most recent none zero
IF it's not duplicate
IF it satisfies window condition
L(ij) = L(index,j-1) + 1;
F(i,j) = (i-1-T(index,j-1))+F(index,j-1);
TG,j) = i-1;
Else nomatch
L(i.j)=1; F(i,j)=0; T(ij)=i-1;
IF L(i,j)== length of Pattern
count=count+1;
ELSE
L(i,j)=0; F(i.j)=0; T(ij)=i-1;

up each ruleC time depends on the fractal dimension of the data
or as much as user specifies. In this case we scan databaSe
in the worst case.

Space needed: If all scaled up association rules would satisfy the
minimum-confidence, then in the worst case with an average
length ofL, for all discovered rules we neég.|R|.C more space
comparing to a-priori algorithm which is negligible comparing to
the whole dataset.

6. RESULT

The notion of time-invariant sequential patterns has been
investigated in the context of Critical Care domain. The database
is a collection of two different sets of patients from King Drew
Medical Center (for patient going to Intensive Care Unite mainly
because of accident, gun shots and/or injuries) and Harbor UCLA
Hospital (mainly for senior citizens). Our database has collected
during past 15 years. We applied our test only on the selected
adequately monitored patients. In addition, data has been
considered only after the first surgery as the data during the
surgery is not valid due to the high hemorrhage of the patient.

Our implementation is iMATLAB programming language and
has been tested on Pentium Ill processor with 384 MB RAM.
This study is a follow up on work by Adibi et al [1] in which a
complete decision support system designed in Lisp language
under Apple/Mcintosh platform [15]. We do not address the
feature selection problem here and we follow the guideline
provided by [15].

6.1 Critical Care Domain

Time-invariant or self-similar sequential association rules play an

5.1 Scale Factor important role in the context of Critical Care since time is a
Scale factors (Knin and Kpe) has employed to provide new crucial factor in Critical Care . For instance, admission time, visit
constraints as: time, surgery time, treatment time etc. are examples of association
of time and patient care in Critical Care unit.
T(S(i)lgl) —T(S(i)lp) < Krax * Grmax

T(S0)By) ~T(S0)P) > Ko + G

The scale factor basically is very subjective and has a strong
bound with the domain knowledge, user input and user X ) . - . .
preferences. For a Medical database a scale factor istinoute, non-survivors despite the wide variety of illness and operational.
15 minutes and an hour up to 8 hours, 12 hours, 24 hours, 96 (15, 16]

hours. For a Network data base scale factor is fi@minutes, 20 The survivor and non-survivor patterns and their importance of
minute, 30 minutes andan hour, up toa week, anda month. oxygen transport pattern were confirmed by independent
The scale factor may consider as hidden information. The lack Of!nvest|gat|ons_[15, 16]. In addition, it has been showed that the
such knowledge is similar to hidden information such as number'nc"e""Secj delivered oxygerﬁ_)cQZ) anc_i consumed oxygevq2)

of clusters in a clustering problem or number of state in a Markov Patteérns of early postoperative survivors are clearly separate from
modeling problem. However, similar to those problems scaling Fhe relatlvgly nqrmal values of non-survivors (15, 16]. S'm""’.‘”y'
factor has strong roots in the nature of the problem itself and it!nN Other etiologic types of shock the survivor patterns are higher

can provide either by user, using a heuristic or through a searcﬁhan those of the non-survivors at comparab_le tlm_e periods.
process. However the main question of such protocol is to find under

which circumstances a patient states moves form survivor to

Our approach is based on the well studied concept that
irrespective of multiply of superficial clinical manifestations, the
patient dies of physiological alternations that can be identified,
and prevented. Shoemaker et al showed that the temporal patterns
of postoperative survivors were found to be different from those



Table 3: Discovered Rulesin Critical Care Database

Survivors Pattern 1 Pattern2 Pattern 3
Support 188 381 358
Confidence .20 41 .39

non/survivor and to find which patterns has been repeated in
survivor and non-survivor patients.

The physiology of postoperative and years of study in this field
[16] shows distinguishes property in Do2/VVo2 diagram in first 8
hours. There are two major patterns in survivors or non-survivors
plot. After the first 8 hours it would be a significant difference in
survivors and non-survivors pattern.

6.2 Experimental Result
For the purpose of the validating of out method, we conducted a
multi-step experiment on our current database as the following:

1. First we pick all adequately monitored patients from
survivors and non-survivors groups.

2. We applied the a-priori like algorithm on this set. We
set Gin to 1 hour and G to 8 hours after surgery.

3. We scaled up the discovered rules by K equal to 24 and
96 hours after surgery for Gy .

The result is interesting and shows rules with a low support and
high confidence, which did not come up in the first step, will be
discovered. The main ideaisto find the effectiveness of treatment
in increasing the probability of patient as being as a survivor at
the end of the procedure by measuring the ratio of Vo2/Do2. We
show the trend of this probability with 1: increases, -1: decreased,
and 0: unchanged.

Thefollowing arethe list of some interesting patterns were for we
found for G,,= 8 hoursad G,;,, = 1 hour :

Pattern 1. P= <[I]*,A[1]*,1> indicate patient response to a
given treatment

Pattern 2. P=<[1]*,A,[1]*,0> indicate no change in patient
condition after giving a treatment

Pattern 3. P=<[1]*,A,[I]*,-1> indicate no response from the
patient to agiven treatment which A isthe treatment.

We scale up such rule and apply to survivors and non-survivors
for K = 3 and 12. the observation was that if the treatment applied
to patient was in the goal of bringing up the Do2/Vo2 it would
save patient live more probably. When any treatment, which has
the capability to increase the level of delivered Oxygen to the
patient, is applied late the response of the patient also has been
late and sometimes aso is too late to recover.

The discovered rule might not consider as hard-to-find rules or
hidden rules. There are a huge set of discovered rules. However
we only discuss those which are easier to interpret and they are
interesting for physicians and health care providers. Even thought
these result are in early stage but they are encouraging and we
would like to investigate more undiscovered rules and apply to
other large databases.

Non-Survivors Pattern 1 Pattern2 Pattern 3
Support 223 389 365
Confidence .23 40 37

7. CONCLUSION AND FUTURE WORK
Despite the broad range of research on sequential association
rules, they could not easily discover rules with low support and
high confidence. We refer to this series of rules as interesting
rules that are important in a relatively broad range of application
in science, technology and medicine. In this paper we provide a
fairly simple but powerful formalism to extend a pool of
discovered rules to capture interesting rules for a specific
databases with unique characteristics. The information and
complexity embedded in these collections are hierarchical, they
are sdf-similar, contain self-similar structures and have been
generated through recurrent processes. We introduced time-
invariant sequential association rules as those rules which if
extend in time dimension explore more knowledge form data
Since time-invariant sequential association rules are capable to
discover a relatively hard-to-find association rules, they may
extent to all database which shows partialy self-similarity.

This research is in early stage. As future work we would like to
continue our findings in Critical Care domain and extend this
research to multi dimensiona sequential association rules. In
addition we are in the process of discovering rules in strongly
self-similar time series such as synthetic data or network
databases. The nest step for Critical Care domain is considering
the dosage of in discovery loop. In addition we would like to
extend this work when the model shows self-similar structure only
in alimited range of structure scale.
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