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Abstract. Mining association rule in event sequencesis an important
data mining problem with many applications. Most of previous studies on
association rules are on mining intra-transaction association, which con-
sider only relationship among the item in the sametransaction. However,
intra-transaction association rules are not a suitable for trend prediction.
Therefore, inter-transaction association is intro duced, which consider
the relationship among itemset of multiple time instants. In this paper,
we present PROWL, an e�cien t algorithm for mining inter-transaction
rules. By using projected window method and depth �rst enumeration
approach, we can discover all frequent patterns quickly. Finally , an exten-
sive experimental evaluation on a number of real and synthetic database
shows that PROWL signi�can tly outp erforms previous method.

1 In tro duction

Mining frequent patterns in event sequencesis a fundamental problem in data
mining areas.There are many emergingapplications in pattern mining, includ-
ing stock market price movement, telecommunication network fault analysisand
web usagerecommendation. Therefore, there are various directions in pattern
mining, such as frequent itemset, sequential pattern, frequent episode [2], peri-
odic pattern [1] etc. Someof them are on mining intra-transaction association
rules like \The price of 3Com(COMS) and Cisco(CSCO) always go up together
on the sameday with 70% con�dence". Such information can be used for sale
purposessuch as decisionmaking becausethe co-occurrencepatterns of records
can be usedto infer another record.Despite the aboverule re
ects somerelation-
ship among the prices, it is not a suitable and de�nite rule for trend prediction.
The investors may be more interested in a rule like \When the price of COMS
goes up, the price of CSCO will go up with 60% probabilit y three days later."
Therefore, we needa pattern that shows the relationships betweenitems in dif-
ferent transaction records. In order to classify thesetwo rules explicitly , we call
the former rule as in tra-transaction associations , the latter rule as in ter-
transaction associations .

In addition to inter-transaction association rules, there are two other kinds
of association mining from di�eren t transaction records, frequent episodes and
periodic patterns. An episode is de�ned to be a collection of events in a speci�c



Fig. 1. Event SequenceS.

window interval that occur relatively closeto each other in a given partial order
[2]. TakeFigure 1 asan example,there aresix matchesof episodef A; B g, from E1

to E6, in event sequenceS. Mannila et al. proposedan algorithm, WINEPI [2],
for �nding all episodesthat are frequent enough.This algorithm wasan Apriori-
like algorithm based on the \an ti-monotone" property of episodes. They also
presented MINEPI, an alternativ eapproach, to the discovery of frequent episodes
basedon minimal occurrencesof episodes. Note that an episode considersonly
the partial order relation, instead of the actual positions, of events in a window.

Unlike episodes,a periodic pattern [1] considerednot only the order of events
but also the exact positions of events. To form periodicit y, a list of k disjoint
matches is required to form a contiguous subsequencewith k satisfying some
prede�ned min rep threshold. As illustrated in Figure 1, pattern f A; � ; B g is a
periodic pattern that matchesD 1, D2, and D3, three continuous while disjoint
matches, where A (resp. B ) occurs at the �rst (resp. thir d) position of each
match. The symbol \*" (the \don't care" position in a pattern) is intro duced to
allow partial periodicit y. Sometimes,we usea 4-tuple (P, l , r ep, star t) to denote
a segment of pattern P with period l starting from position star t for rep times.
In this case,the segment can be represented by (f A; � ; B g, 3, 3, 1).

The concept and de�nition of inter-transaction association rules are �rst in-
tro ducedin [4] by Tung et al. A frequent pattern in inter-transaction association
rule is similar to a periodic pattern, but without the constraint on the contiguous
and disjoint matches.To distinguish the frequent patterns in inter-transaction as-
sociation rules from the frequent patterns in intra-transaction association rules,
we use the term \ frequen t contin uities " for the frequent patterns in inter-
transaction association rules. Let us return to our previous examplein Figure 1.
f A; � ; B g is a continuit y with four matchesD 1, D2, D3, and D4.

Inter-transaction association rules can be mined by the FITI algorithm pro-
posedin [3]. FITI consistsof two phases:intra-transaction and inter-transaction
itemsets mining. Similar to Apriori-lik e algorithms, FITI could generatea huge
number of candidates and require several scansover the whole data sequence
to check which candidates are frequent. To illustrate, if there are I frequent
1-patterns, the FITI algorithm will generateapproximately I W 2-pattern can-
didates for window sizeW . Experimentally , the bottleneck of the FITI method
comesfrom its step-wise candidate pattern generation and test. Therefore, it
is desirable to develop an algorithm which avoid candidate generation and re-
duce the search space.With this motivation, we deviseda two-phasealgorithm,
PROWL, for mining frequent continuities from event sequences.We intro ducea



projected window mechanism and employ depth �rst enumeration approach to
discover all frequent continuities.

The remaining parts of the paper are organized as follows. We de�ne the
problem of frequent continuit y mining from event sequencein Section 2. Sec-
tion 3 presents our algorithm for mining frequent continuit y in event sequence.
Experiments on both synthetic and real world data are reported in Section 4.
Finally, conclusionis made in Section 5.

2 Problem De�nition

In this section,wede�ne the problem of frequent continuit y mining. The problem
de�nition is similar to [3] but is restricted to a sequenceof events. Let E =
(e1; e2; : : : ; en ) be a set of literals, called events. A event sequenceS is a set of
time recordswhere each time record is a tuple (tid, x i ) for time instant tid and
event x i (x i 2 E). A sequencestored in form of (tid, x i ) is called horizontal
format (e.g. Figure 1).

De�nition 1. A continuity pattern (or a continuity in short) with window W
is a nonempty sequence P = (p1; p2; : : : ; pW ) where p1 is an event and others
are either an event or *, i.e. pj 2 E or f *g for 2 � j � W .

The symbol \*" is intro ducedto allow mismatching (the \don't care" position
in a pattern). Since a continuit y pattern can start anywhere in a sequence,we
only need to consider patterns that start with a non-\*" symbol. A continuit y
P is called an i -continuit y or has length i if exactly i positions in P contain
event. For example, f A; � ; �g is a 1-continuit y; f A; � ; Cg is a 2-continuit y which
has length 2.

De�nition 2. Given a continuity pattern P = (p1; p2; : : : ; pW ) and a subse-
quence of W slots D = (d1; d2; : : : ; dW ) in S, we say that P matc hes D (or D
supports P) if and only if, for each position j (1 � j � l ), either pj = * or pj

= dj is true. D is also called a match of P.

In general,given a sequenceof events and a pattern P, multiple matchesof
P may exist. In Figure 1, D 1; D2; : : : ; D4 are four matchesof pattern f A; � ; B g.

De�nition 3. An in ter-transaction association rule is an implication of
the form X ) Y , where

1. X ; Y are continuity patterns with window w1 and w2, respectively.
2. The concatenation X � Y 1 is a continuity pattern with window w1 + w2.

Similar to the studies in mining intra-transaction rules, we also intro duce
two measuresof inter-transaction association rules: support and con�dence.

1 The concatenation of two contin uit y patterns P = (p1 ; : : : ; pw 1 ) and Q =
(q1 ; : : : ; qw 2 ) is de�ned as P � Q = (p1 ; : : : ; pw 1 ; q1 ; : : : ; qw 2 ).



De�nition 4. Let jSj be the number of transactions in the event sequence S.
Let Sup(X � Y) be the number of matcheswith respect to continuity X � Y and
Sup(X ) be the number of matcheswith respect to continuity X . Then, the support
and con�dence of an inter-tr ansaction association rule X ) Y are de�ned as

support =
Sup(X � Y )

jSj
; conf idence =

Sup(X � Y )
Sup(X )

: (1)

The problem is formulated asfollows:givena minimum support level minsup
and a minimum con�dence level minconf , our task is to mine the completeset of
inter-transaction association rules from an event sequencewith support greater
than minsup and con�dence greater than minconf . We illustrate the concepts
with an example. Let minsup and minconf be 25% and 60% respectively. An
exampleof an inter-transaction association rule from the event sequencein Fig-
ure 1 will be: f A; �g ) f B g: This rule (Event B occurs two slots later after
event A.) holds in the sequenceS with support 25% and con�dence 67%.

3 The PR OWL Algorithm

In this section, we explore methods for mining frequent continuities in an event
sequence.Our algorithm, PROWL (PROjected Window Lists), usesa recursive
depth �rst enumeration strategy to discover all frequent continuities from an
event sequence.To avoid candidate generation, we use a vertical data format
together with a horizontal format for e�cien t continuit y generation. Table 1
shows the vertical format for the event sequenceS in Figure 1, wherea time list
is maintained for each event. A time list of an event recordsthe time slots where
the event occurs in the sequence.

De�nition 5. Given a sequence of eventsS and a continuity P with window W ,
let I i denotesa subsequence of W time slots I i = (S[si ]; S[si + 1]; : : : ; S[si + W � 1]
in S that supports P. Suppose there are k matchesof P in S. The time list of
P is de�ned as P:l ist = f s1 + W � 1; s2 + W � 1; : : : ; sk + W � 1g.

By de�nition, each event is itself a continuit y with window 1. The time list
for a 1-continuit y pattern is consistent with the time list for an event. Now, we
de�ne the projected window list of a continuit y from its time list as follows.

De�nition 6. Projected Window List (PWL): Given a time list of a continuity
P, P:l ist = f o1; o2; : : : ; ok g in the event sequence S, the projected window list of
P is de�ned as P:PW L = f w1; w2; : : : ; wk g , wi = oi + 1 for 1 � i � k. Note
that a time slot wi is removed from the projected list if wi is greater than jSj,
i.e. wi � jSj for all i . If an event X is frequent in the projected window list of
pattern P, we refer to the concatenation P � X as an extension of P.

The PROWL algorithm mines frequent continuities by the following phases.

{ Initial phase:The sequenceS is �rst read into memory and scannedonce.
For each event, a time list is maintained to record its occurring time slot.
The number of occurrencesis also accumulated for frequent event �ltering.



Event Time List Projected Window List
A 1, 4, 7, 8, 11, 14 2, 5, 8, 9, 12, 15
B 3, 6, 9, 12, 16 4, 7, 10, 13
C 2, 10, 15 3, 11, 16
D 5, 13 6, 14

Table 1. Vertical format of the event sequenceS in Figure 1

{ Recursive phase: For each frequent 1-continuit y, we calculate a projected
window list (PWL) from the pattern's time list and �nd frequent events in
its PWL. We then output the frequent continuit y formed by current pattern
and the frequent events in the PWL. For each extensionpattern, the process
is applied recursively to �nd all frequent continuities until the projected
window list becomesempty or the window of a continuit y is greater than
the maximum window.

3.1 An Example

The PROWL algorithm can be best understood by an illustrativ e example de-
scribed below and its corresponding 
o wchart is depicted in Figure 2.

Example 1. Given Sup = 3 and maxwin = 4, the frequent events for Table 1
include A, B and C. For frequent 1-continuit y f Ag, the projected window list
is PA :PW L = f 2; 5; 8; 9; 12; 15g. Note that PA :PW L is also the time list of
continuit y f A; �g . By examining the time slots of PA :PW L in Figure 1, all the
continuities with window 2 having pre�x f Ag can be generatedby concatenating
f Ag with a frequent event in PA :PW L or the don't care symbol. For instance,
the corresponding events for the time slots in PA :PW L are C; D ; A; B ; B ; C,
respectively. For each event E i , a time list is constructed accordingly. Since D
is not frequent in S, it is simply ignored. Furthermore, as there are no frequent
events in PA :PW L, the only frequent continuit y generatedfrom f Ag is f A; �g
(with 6 matches).

Recursively, we apply the above processto continuit y f A; �g . The projected
window list of f A; �g is Pf A; �g :PW L = f 3; 6; 9; 10; 13; 16g. In this layer, we
�nd a frequent event B in time recordsof Pf A; �g :PW L. Thus, two continuities:
f A; � ; B g and f A; � ; �g are generatedwith time list Pf A; � ;B g:l ist = f 3; 6; 9; 16g
and Pf A; � ;�g :l ist = f 3; 6; 9; 10; 13; 16g, respectively. The extensionsof the con-
tinuities can be mined by applying the above processrespectively to each con-
tinuit y as shown in Figure 2. Note that the projected window list of f A; � ; B g
is f 4; 7; 10g, becausetime record 17(16+1) is greater than sequencelength 16.
Similarly, we can �nd all frequent continuities having pre�x f B g, respectively,
by constructing PB :PW L and mining them respectively. The set of frequent
continuities is the collection of patterns found in the above recursive mining
process.



Fig. 2. The overall processof PROWL for Figure 1.

3.2 The PR OWL algorithm

The main idea of PROWL is to utilize the memory for both the event sequence
and the indices in the mining process.The event sequenceS is read once from
disk and each event is associated with a time list containing indices to the time
slots where it occurs. Basedon the conceptsof projected window list and \an ti-
monotone" property, we can generate all frequent continuities by depth-�rst
enumeration. PROWL discoversall frequent continuities recursively by searching
the time slots in the projected window lists immediately. Figure 3 outlines the
proposedPROWL algorithm.

In the �rst phase,wescanevent sequenceS onceand transform S into vertical
format (Step 1� 2 in the Prowl). To reduce the number of events for enumera-
tion, the number of occurrencesfor each event is accumulated during sequence
reading and non-frequent events are masked (Step 3� 5 of Prowl). Therefore,
non-frequent events will not be enumerated in the recursive phase.In the second
phase,the procedureProj ect is applied recursively to enumerate all continuities
with known frequent continuities as their pre�xes. For each frequent continuit y
P, we transform its time list into a projected window list and examing the time
slots of it's projected window in S (Step 4� 8 in the Proj ect). Note that the
horizontal format of sequenceS is maintained in main memory for fast accessto
the event at each time slot oi 2 P:PW L. The function TempEvent(e):inser t(oi )
insert time slot oi into the time list of event e. If an event E i is frequent, the
continuit y P � E i is output (Step 10� 13 of Proj ect). The recursive call stops
when the layer is greater than maxwin (Step 1 of Proj ect).



Given event sequenceS, Sup, maxw in ;

Procedure of Pro wl()
1. for i = 1 to jSj do
2. E ventSet[S[i ]]:inser t(i );
3. for each event E i 2 E ventSet do
4. if (E ventSet[E i ]:size < Sup) then
5. for each time instan t oi 2 E ventSet[E i ] do
6. S[oi ] = � ;
7. for each event E i 2 E ventSet do
8. if (E ventSet[E i ]:size > = Sup) then
9. Pattern[0] = E i ;
10. for j = 1 to maxw in � 1 do
11. Pattern[j] = *;
12. Pro ject( E ventSet[E i ]; Patter n; 1);
13. end

Subprocedure of Pro ject( T imeList , Patter n, Lay er)
1. begin if (Lay er < = maxw in ) then
2. PW L = N ULL ;
3. TempEvent = N ULL ;
4. for each time instan t Ti 2 T imeList do
5. if (Ti < jSj) then
6. PW L:inser t(Ti + 1);
7. for each time instan t oi 2 PW L do
8. if S[oi ] 6= � then
9. TempEvent[S[oi ]]:inser t(oi );
10. begin for each event E i 2 TempEvent do
11. if (TempEvent[E i ]:size > = Sup) then
12. Pattern[La yer] = E i ;
13. Pro ject( TempEvent[E i ]; Patter n; Lay er + 1);
14. Output Pattern;
15. Pattern[La yer] = *;
16. Pro ject( TempEvent[E i ]; Patter n; Lay er + 1);
17. end
18. end

Fig. 3. PROWL: Frequent Contin uit y mining algorithm



In contrast with Apriori-lik e algorithms, we only generatelonger pattern by
shorter ones.It doesnot generateany candidate patterns for checking. Besides,
the projected window lists are actually smaller than the original ones.The sit-
uation will be illustrated in the scale-upexperiments discussedlater.

4 Exp erimen tal Result

In this section, we report a performance study of the algorithm proposed in
this paper and applications of frequent continuit y in real world data. We �rst
investigate the performanceof PROWL and compare the result with the FITI
algorithm proposedin [3] using synthetic data. The PROWL algorithm is then
applied to real world data for frequent continuit y mining.

4.1 Synthetic data

To obtain reliable experimental results, the method to generatesynthetic data
we employed in this study is similar to the onesusedin prior works [1]. We usea
synthetically generatedevent sequenceconsistingof jN j distinct symbols and jSj
events. A set of candidate continuities C is generatedas follows. First, we decide
the window length of a continuit y from a geometricaldistribution with meanW .
Then L (1 < L < W ) positions are chosenrandomly for non-empty events. The
number of occurrencesof a continuit y follows a normal distribution with mean
Avg Sup. The continuit y is then inserted into the sequenceAvg Sup times with
gap betweenW to 2W . A total of jCj complex patterns are generated.After all
candidate patterns are generated,events are picked at random from the symbol
set N for empty time slots. The default parameter is S20K-N1K-C10-L4-W10-
Avg Sup=0.5. The experiments are conducted on a computer with a CPU clock
rate of 1G MHz and 1.5G MB of main memory, the program is written by visual
C++ in windows 2000platform.

4.2 Comparison of PR OWL with FITI

We reported experimental results on the default data set. For comparisonwith
PROWL, we implement FITI algorithm which is proposedin [3]. Both PROWL
and FITI algorithms show linear scalability with the size of a sequencefrom
10K to 80K as shown in Figure 4(a). However, PROWL is much more scalable
than FITI. As the size of a sequencegrows up, the di�erence between the two
methods becomeslarger and larger.

Figure 4(b) shows that the running time of PROWL and FITI with vari-
able number of candidates.It shows that the running time of PROWL increases
smoothly while FITI increasesexponentially as the number of candidates in-
creases.To test the scalability with the pattern length, we also executean ex-
periment with varying pattern length. The results are presented in Figure 4(c).
Overall, PROWL is about an order of magnitude faster than FITI. This is be-
causethe large number of candidates that need to be generatedand tested in



FITI as the pattern length grows. Figure 4(d) shows the scalability of the algo-
rithm over the varying window size.Note that the parameter maxwin is set to
the window sizeW of dataset. As the window sizebecomeslarger, more candi-
dates needto be generatedin FITI. On the contrary , PROWL doesn't generate
any candidate for checking. Thus, for a �xed pattern length, the running time
of PROWL is smooth with the varying window size.
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Fig. 4. Scale-up performances with (a) sequencesize (b) number of candidates (c)
pattern length (d) window size.

4.3 Real W orld Data

We alsorun PROWL on a variety of di�eren t real world data setsto get a better
view of the usefulnessof frequent continuities in event sequences.The data sets
are taken from the UNIX user usagelogs in UCI Machine Learning Database
Repository. The UNIX user usagelogs contains 9 subsetsof sanitized user data
drawn from the command histories of 8 UNIX computer usersat Purdue over
the courseof up to 2 years. We show only the data of User0, User1 and User2
due to spacelimitation. The description of the data used, the parameters, and
the number of frequent continuities discovered are presented in Table 2.

Finally, we apply PROWL to protein sequencesto discover tandem repeats,
which is an important problem in bioinformatics. We useddata in the PROSITE
database of the ExPASy Molecular Biology Server (http://www.expasy .org/).
We selecteda protein sequenceP13813(110K PLAKN) with a known tandem
repeats \ f E,E,T,Q,K,T,V,E,P ,E,Q,Tg". As expected, several continuities which
are related to the known tandem repeat are discovered. It is indicated that our
algorithm can be usedin protein sequencemining.



Data Set Events Event TypesSupport Maxim um Window # of contin uit y
UNIX User0 8974 197 100 10 341
UNIX User1 19881 288 200 10 711
UNIX User2 18738 310 200 10 2183

Protein Sequence 296 22 10 12 10165
Table 2. Dataset Characteristics

5 Conclusion

In this paper, we proposedan algorithm, PROWL, for mining frequent continu-
ities in event sequence.The idea is to utilize memory for storing event sequence
in both horizontal and vertical data format. PROWL generatesfrequent con-
tinuities by applying a projected window method recursively. The experiments
show that the method is e�cien t and 
exible. We comparedPROWL with pre-
vious research, and the result reported that Prowl outperformed than FITI. We
have applied the method in the analysis of the UNIX user usagelog and min-
ing tandem repeats in protein sequences.There are several directions for future
work. The �rst direction is to develop techniques for mining inter-transaction
association rules from a sequenceof eventsets, or a transaction database.The
seconddirection is to develop techniques for managing the large number of fre-
quent continuities discovered, by intro ducing the concept of maximal or closed
continuities. More research will be reported in the near future.
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