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Sequential pattern mining, first introduced in [1], is one of the most challenging problems in data
mining [3]. It aims to extract the relationships between occurrences of sequential itemsets i.e. to look
for any specific order of the itemsets. Sequential pattern mining has large applications, such as the
analysis of DNA sequences, stock marketing, web access patterns, transactional databases, security
of the network systems [4].

A sequential pattern or a sequence AB is simply an ordered list of itemsets [1]. From sequen-
tial patterns one can obtain sequential rules of the form A → B, where A (the antecedent) and B
(the consequent) are two itemsets. Sequential rules mining then aims at extracting those rules whose
number of appearances, i.e. their support, in a sequence database is higher than a minimum support
threshold [1]. The support of the rule A→ B is defined as the fraction of total sequences who support
this rule.

There are different approaches regarding interestingness related to the sequential rules and pat-
terns in order to select or rank them. The goal of our work is to propose Interestingness Measures (IM)
for rules selection and an algorithmical measure for patterns selection, that take into consideration the
time-closeness between the itemsets. In case of the sequential rules mining, we propose the Closeness
Preference measure. It is a post-processing measure, i.e. it is used after pruning the search space with
support.

The proposed Closeness Preference interestingness measure for the selection of the sequential
rules has the formula written below :

CPA→B =

1
|DB|

∑nABω
m=1

[
1

nωt|m

∑nωt|m
k=1

[
1

ntA|k

∑nt
A
|k

i=1
1

ntB|Ai

∑ntB|Ai
j=1

1

1+stj−ωt

]]
R(A) ·R(B)

(1)

where s is the slope of the user-preference function on the interval [0, ωt] (the greater s implies that
the rules with the consequent closer to the end of ωt will be much more penalized than the others) ;
ntB|A is the number of B between 2 consecutive A inside the same window and where tBj

is the time
distance of each B from the beginning of the window (first A) ; ntA is the number of A inside [0, ωt] ;
nωt is the number of time-windows of size ωt in a single sequence containing the rule A→ B ; nABω

is the total number of sequences where the rule A → B holds at least once in the interval [0, ωt] ;
R(X) = nX

|DB| , nX being the number of sequences where the itemset X appears, and |DB| is the
number of sequences in the database DB.

The CP measure satisfies the 2nd and 3rd properties of the Piatetsky-Shapiro [2]. The 3 properties
state that an objective measure F in rules data mining has to : (P1) F = 0 if A and B are statistically
independent, i.e., P (AB) = P (A)P (B) ; (P2) F montonically increases with P (AB) when P (A)
and P (B) remain the same ; P3) F monotonically decreases with P (A) (or P (B)) when P (AB) and
P (B) (or P (A)) remain the same. We adapt these principles for the sequential rules.Thus, we consider
R(A), R(B), R(AB) instead of P (A), P (B), P (AB). If we would like to take into consideration the
1st property, then we might use an existing measure fulfilling (P1), after which the proposed CP
measure could be applied.

In case of the sequential patterns mining, we present a Modified Closeness Preference measure
which is based on the CP from the rules mining, on support, and confidence. We can consider that
each pattern of length n is made of n−1 rules (i.e. n−1 subpatterns of length 2). Thus, we can define
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a function fpattern in the following way (with the notations from above) :
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The proposed Modified Closeness Preference for the patterns extraction is :

MCP = fpattern ·
nrpattern occurrences

nrpattern occurrences + nrincomplete patterns
· nrpattern occurrences

|DB|
(3)

where an incomplete sequential pattern has been defined as a relation between a pattern p and a
sequence S of a form I(p;S), where p is the searched pattern in S, s.t. several first itemsets of p (at
most n− 1, n being the number of itemsets in p) occur inside S. In comparison to the sequential rules
mining, we take into consideration the interval from the antecedent of a given rule in the pattern till
the antecedent of the next rule of the pattern (with several exceptions if we reached the end of the
pattern), and we do not limit our search just until ωt value.

With the presented formula we do not respect the anti-monotone property (or Apriori principle,
that states that the measure’s value of a pattern must be no greater then that of its subpatterns). Our
thinking process is based on using the GSP pattern mining algorithm. First of all, we impose a thre-
shold value MCPthr, such that a pattern is considered valid if its final MCP ≥MCPthr. We have de-
monstrated that a subpattern obtained from previous stage with its MCP value smaller than MCPthr,
might give a valid pattern in the next stage of pattern composition. It implies the fact that in compa-
rison to support pruning (where a pattern is certainly not valid if the two subpatterns forming it have
a value less then suppthr), we have to keep the entire set of patterns. The only patterns which do not
pass to the next step are those which have the MCP = 0, meaning that there are no instances of such
patterns in the entire database.

In order to fulfill the anti-monotone property, we make several modifications. Thus, instead of the
medium value of the rules’ measures (i.e.

∑
nr rules in pattern Values
nr rules in pattern ), we compute the product of these values

(i.e.
∏

nr rules in pattern Values). In this way we make sure that no pattern will have its MCP value higher
than that of its subpatterns, as Value < 1. Next, we impose a condition that if the subpattern does not
pass the MCPthr, then it won’t go further in the next stages for patterns composition.

Several experiments have been performed on a Web logs database. Our results show that the pro-
posed measures are able to advantage the rules and patterns with the closest itemsets. In case of the
sequential rule mining, we are able to select fewer and better rules than other prediction models. In
case of the pattern extraction measure without the anti-monotone property, we have seen that the
search space is much larger than the one using only support pruning. Also, the MCP tends to advan-
tage longer patterns in comparison to simple support pruning.

One of our future goals is to continue our analysis on the measure with the Apriori principle
fulfilled. Also, we would like to provide recommendation to the user to select the optimal parameter
values (i.e. time-interval, slope of the preference function, threshold value) for the proposed measures.
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