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C3Ro: an Efficient Mining Algorithm of Extended-Closed Contiguous Robust
Sequential Patterns in Noisy Data

Y. Abboud, A. Brun, A. Boyer
Université de Lorraine, LORIA UMR 7503, France

Abstract

Sequential pattern mining has been the focus of many works, but still faces a tough challenge in the mining of large
databases for both efficiency and apprehensibility of its resulting set. To overcome these issues, the most promising
direction taken by the literature relies on the use of constraints, including the well-known closedness constraint.
However, such a mining is not resistant to noise in data, a characteristic of most real-world data. The main research
question raised in this paper is thus: how to efficiently mine an apprehensible set of sequential patterns from noisy
data?

In order to address this research question, we introduce 1) two original constraints designed for the mining of noisy
data: the robustness and the extended-closedness constraints, 2) a generic pattern mining algorithm, C3Ro, designed
to mine a wide range of sequential patterns, going from closed or maximal contiguous sequential patterns to closed
or maximal regular sequential patterns. C3Ro is dedicated to practitioners and is able to manage their multiple
constraints. C3Ro also is the first sequential pattern mining algorithm to be as generic and parameterizable.
Extensive experiments have been conducted and reveal the high efficiency of C3Ro, especially in large datasets,
over well-known algorithms from the literature. Additional experiments have been conducted on a real-world job
offers noisy dataset, with the goal to mine activities. This experiment offers a more thorough insight into C3Ro
algorithm: job market experts confirm that the constraints we introduced actually have a significant positive impact
on the apprehensibility of the set of mined activities.

Keywords: Data mining, Sequential pattern mining, Closed contiguous pattern, Noisy data, Constraints, Efficiency

1. Introduction 15 have substantially improved the domain.
16 Although large databases are becoming quite common,

Pattern mining [5] is one of the most studied topics 7 mining sequential patterns in such data is still a compu-
in the data mining literature. A sequential pattern is a 1 tationally expensive task, when not an intractable one.
pattern whose order of items is considered and applica- s In addition, the complete set of sequential patterns is
tions rely on their mining: pattern discovery in protein 20 often difficult to apprehend for the final user, due to its
sequences [59, 36], analysis of customer behavior in 21 large size and to the presence of useless or redundant
web logs [10, 11], sequence-based classification [4], etc. 22 patterns. This is especially limiting when the final user
Consequently, sequential pattern mining [6] has become 2 is a practitioner who expects a set of patterns that fits
a significant part of pattern mining studies. Many se- 2« his/her requirements. Therefore, the domain still faces
quential pattern mining algorithms have been proposed, 2 tough challenges related to both
such as regular sequential pattern mining [46, 26, 27, 4 e the efficiency of the mining algorithms
56, 7, 13], string mining [12, 41], closed sequential pat-
tern mining [42, 43, 57,51, 47,23, 13], constraint-based
sequential pattern mining [22, 44, 8, 32], etc., which all

27 o the apprehensibility of the resulting set of patterns.
2s  We propose to define the efficiency of an algorithm
2s as the ability to run in an optimal execution time and
s memory usage; and the apprehensibility of a set of

Email addresses: yacine.abboud@gmail.com (Y. Abboud), @ patterns as a_tra,de_Oﬂ: between, on one side its S%Ze and
armelle.brun@loria.fr (A. Brun), anne.boyer@loria.fr 2 redundancy in its patterns, and on the other side the
(A. Boyer) s Information contained in the set.
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To overcome both issues, the most promising direction
adopted by the literature relies on the use of constraints
on the patterns that results in a reduced set of pat-
terns [44, 32, 24]. We identify two types of constraints:
one applies to a set of sequential patterns, and the
other one applies to the intrinsic characteristics of each
sequential pattern.

The first type of constraints includes the closed-

ness [42, 43, 57, 51, 47] that preserves all the
information, the generator-pattern [19, 53, 14, 33] and
the maximal-pattern [46, 39, 21, 31, 16] constraints
that reduce the size of the set of patterns at the cost
of a part of the information. Closedness has become
popular as the resulting set of patterns is less redundant,
which increases its apprehensibility. However, despite
this improvement [57, 48, 51, 23, 13], the set remains
unmanageable in large databases [S8] and in noisy
data [52, 38, 54, 37] as most of the benefit of closedness
is lost. Noise, which is a characteristic inherent to many
real-world applications [20], is the random appearance
of disturbances in data, such as loss, substitution, or
addition of items.
With the double objective to mine a more apprehen-
sible set and to increase the efficiency of the mining
algorithm, we introduce a new constraint: the extended-
closedness constraint. This new constraint relaxes the
constraint of identical values required by the closedness
constraint. Thus, the set of extended-closed sequential
patterns can be viewed as a trade-off between the set
of closed sequential patterns, which contains all the
information, and the set of maximal sequential patterns,
which is an even more reduced set, but that contains a
subset of the information.

The second type of constraints includes a large num-
ber of constraints such as monotonic or anti-monotonic
constraints [44], regular expression constraints [22],
gap constraints [34], contiguity constraint [8, 58, 2] (a
gap constraint with a value of 0), etc. The contiguity
constraint is the most popular one. Many real-life tasks
greatly benefit from this constraint: text mining [18],
Web log mining [10, 9], DNA and amino acid se-
quences mining [30, 31], etc. The contiguity constraint
leads to the extraction of much fewer patterns, with
a shorter average length, and with almost no loss of
information [58], resulting in a more apprehensible
set, while improving the efficiency of the algorithm.
However, the added value provided by the contiguity
constraint faces limitations in case of noisy data.
Indeed, the support of the contiguous patterns becomes
unreliable [38], making some them being frequent or
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at the opposite being not frequent. The set of patterns
is thus unreliable too. Wildcards are a way to manage
noisy data [37], even with a contiguity goal [2]. A wild-
card [34, 49, 50, 37] is a joker of one item, regarding
the contiguity constraint. However, using wildcards in
contiguous sequential pattern mining may result in the
mining of semi-contiguous sequential patterns, which
decreases the apprehensibility of the resulting set.

To make the contiguity constraint noise-resistant and
thus the set of patterns more apprehensible, we intro-
duce a second constraint: the robustness constraint.
A robust sequential pattern is a frequent contiguous
sequential pattern that occurs a limited number of times
with wildcards.

Each constraint from the literature allows to solve a

specific issue in sequential pattern mining. However,
practitioners’ final needs are often so specific that they
correspond to a combination of such constraints. For
example, contiguous sequential patterns, in noisy data,
which contain a particular set of items. To date, in order
to obtain the set that fits the desired combination of con-
straints, the use of several algorithms is often required.
However, there is no guarantee of compatibility, consis-
tency or scalability of the entire process [8]. Combining
several algorithms and solving their possible compati-
bility issues can be inaccessible to many practitioners
which limits their usability.
To alleviate this issue, we introduce C3Ro, a simple
and generic algorithm. The key idea of C3Ro is to in-
tegrate several constraints and the associated parame-
ters, to mine a wide range of sequential patterns, go-
ing from closed or maximal contiguous sequential pat-
terns to closed or maximal sequential patterns, includ-
ing semi-contiguous sequential patterns. In addition, it
is noise-resistant thanks to the use of wildcards and of
the extended-closedness constraint. It thus increases the
efficiency and the apprehensibility of the set of mined
patterns.

Hence, the main contributions of this paper are:

e we introduce two new constraints: robustness and
extended-closedness, designed to improve both the
efficiency of the mining process and the apprehen-
sibility of a set of closed contiguous sequential pat-
terns in noisy data. These constraints have many
practical applications in different fields, especially
those related to humans who are often a source of
noisy data. Apprehensibility is specifically thought
for practitioners, with the goal to mine the small-
est set that contains the highest amount of informa-
tion;
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e we introduce C3Ro, a generic and highly param-
eterizable algorithm that can be used in various
contexts and adaptable to many user needs. It is
especially designed for practitioners to help them
mine patterns using a single tool, while consider-
ing all their requirements. To reach this gener-
icity, C3Ro manages a set of monotonic or anti-
monotonic constraints, a number of wildcards, ro-
bustness and extended ratios.

This paper is organized as follows. In section 2 we dis-
cuss the related work. In Section 3 we introduce con-
cepts and notations. Section 4 defines the two new con-
straints. The C3Ro algorithm is introduced in Section 5.
Section 6 is dedicated to the experiments conducted, in-
cluding a real-world dataset in the domain of job market
and Section 7 concludes this work and discusses some
perspectives.

2. Related Work

The sequential pattern mining problem was first in-
troduced by Agrawal and Srikant in [6], with the Apriori
algorithm. Apriori is based on the monotonic constraint
of the frequency: ‘“all nonempty subsets of a frequent
itemset must also be frequent” [5]. Since then, many se-
quential pattern mining algorithms have been proposed,
still based on the monotonic constraint, with the goal of
improving the mining efficiency in terms of execution
time and memory usage, such as GSP [46], PrefixS-
pan [27], SPADE [56], SPAM [7], CM-SPADE [13],
CM-SPAM [13], etc. The PrefixSpan algorithm uses a
pattern-growth philosophy through projected databases
to mine frequent sequential patterns. PrefixSpan recur-
sively extends a prefix sequential pattern by adding a
frequent item from the projected database of this prefix.
The SPADE algorithm, released the same year, is based
on a vertical IDLists representation and uses a lattice-
theoretic approach to decompose the original search
space into smaller spaces. One year after, the SPAM
algorithm used a different representation, it is a vertical
bitmap representation dedicated to the mining of long
sequential patterns. While being faster than SPADE and
PrefixSpan for the mining of long patterns, SPAM uses
a large amount of memory. The newer CM-SPADE and
CM-SPAM algorithms introduced a co-occurrence ma-
trix to substantially reduce the number of join opera-
tions between the IDLists of the candidate sequential
patterns and thus improve the efficiency of the mining.
Although all these algorithms contributed to the im-
provement of the mining process, they still face tough
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challenges in the mining efficiency and in the apprehen-
sibility of the results. Several directions are used in the
literature to overcome those issues. The two main di-
rections are the use of a compact representation of se-
quential patterns [25] and the reduction of the number
of sequential patterns mined [46]. In this paper, we fo-
cus on the latter and the most promising way reach this
goal is through the use of constraints [46, 22, 44, §].
Using constraints during the mining process allows to
extract less patterns, and improves the efficiency. How-
ever, the usage of constraints improves the apprehensi-
bility if the discarded patterns only contain information
irrelevant to the practitioners. Therefore, we are only
interested in constraints that preserve relevant informa-
tion, i.e., that are able to adapt to the application context
of the practitioners. To facilitate the analysis of the con-
straints from the literature, we propose to classify them
in two categories that we name: (1) Global constraints,
i.e., constraints that relate to the characteristics of a set
of sequential patterns. (2) Local constraints, i.e., con-
straints that relate to the intrinsic characteristics of each
sequential pattern.

2.1. Global constraints

Global constraints [43, 39, 19] are, for example, the
well-known maximal, generator and closedness con-
straints. With Global constraints, the reduction of set
of frequent patterns may be reached at the cost of a part
of the information. However, it is impossible to control
both the amount and the nature of the information lost,
this loss can thus be prejudicial for many applications.
The maximal constraint [21, 16] mines only the frequent
sequential patterns that are not included in any other fre-
quent sequential pattern. Therefore, the set of maximal
sequential patterns is significantly smaller than the com-
plete set of sequential patterns. However, the informa-
tion (especially the support value) of the sequential pat-
terns included in maximal patterns is lost, which often
represents a non-negligible part of the information.

The generator constraint [53, 14, 33] mines sequential
patterns that do not contain any other sequential pattern
with the same support. The set of generator sequential
patterns is also significantly smaller than the set of se-
quential patterns. The information loss is about all the
sequential patterns that contain the generator sequential
patterns, especially about those that are not frequent.

The closedness constraint [57] mines sequential pat-
terns that have no super-pattern with the same sup-
port. The set of closed sequential patterns is often
larger than both maximal and generator sequential pat-
terns sets, and remains smaller than the set of sequen-
tial patterns. Moreover, the closedness constraint does
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not cause any loss of information. Closedness is by far
the most popular Global constraint and numerous algo-
rithms [43, 51, 34, 23, 13, 33, 45] focus on the mining
of closed patterns.

The Clospan [51] algorithm is one of the first algorithms
dedicated to the mining of closed sequential patterns.
Clospan mines and stores a set of candidate patterns,
based on PrefixSpan, then a post processing phase filters
out the non closed ones. Storing the set of candidates
is expensive in terms of memory. To cope with this
issue, the BIDE algorithm [47] proposes to not mem-
orize any candidate pattern. BIDE is also based on
PrefixSpan, but uses a BI-Directional closedness check-
ing scheme to not generate any set of candidates, hence
BIDE improves greatly both execution time and mem-
ory usage. More recent algorithms such as Clasp [23]
and CloFast [17] adopt a vertical IDLists representation
to outperform Clospan and BIDE in terms of execution
time, but at the expense of a higher memory usage due
to the candidate generation phase. CM-Clasp [13] and
FCloSM [33] algorithms both use a co-occurrence ma-
trix to reduce the number of candidates and improve
both execution time and memory usage.

A remaining major issue in the mining of closed sequen-
tial patterns lies in the low apprehensibility of the set
of mined patterns in large databases. This is especially
true for vertical IDLists-based algorithms, which are not
efficient due to their high memory usage. The pattern-
growth philosophy appears to be more suited. However,
the issue gets worse when mining noisy data [2].

In a nutshell, on one hand, the maximal and the gen-
erator constraints allow to significantly reduce the set
of mined patterns. On the other hand, these constraints
also cause a significant and unpredictable loss of infor-
mation, which is often inacceptable for practitioners.
The closedness constraint seems more relevant as no
information is lost. However, its issue with large and
noisy databases needs to be addressed.

2.2. Local constraints

Local constraints [46, 40, 55] regroup numerous
constraints such as monotonic or anti-monotonic con-
straints: presence of an item or a pattern, maximum
or minimum length, duration, etc. [44], regular ex-
pression constraints [22], gap constraints [34], includ-
ing contiguity constraint, etc. Local constraints are
practitioner-dependent: they are oriented towards the
application context, according to the practitioner in-
terests. One of the very first sequential pattern min-
ing algorithm that has integrated Local constraints is
GSP [46]. GSP allows to use duration and gap con-
straints on all the sequential patterns that it extracts.
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These two constraints are widely used in the litera-
ture [29, 28, 15]. The SPIRIT algorithm is the first algo-
rithm that integrates regular expression constraints [22],
it converts the constraints into an automaton that prunes
the patterns during the mining. The monotonic and anti-
monotonic constraints allow the pattern-growth philos-
ophy to identify in an early stage if the patterns formed,
when extending a prefix, will satisfy or not a set of
constraints [44]. For this reason, several algorithms
like PG [44], CloSPEC [8], global-p.f [32], CCPM [2],
based on the pattern-growth philosophy, are able to
mine patterns satisfying an aggregate of monotonic or
anti-monotonic constraints.

A commonly used gap constraint is the contiguity con-
straint (gap = 0) [18, 10], especially used for natural
language processing or document classification. Re-
cently, [58] has shown that the information contained
in the set of contiguous sequential patterns is almost
equivalent to the information contained in the set of se-
quential patterns. The contiguity constraint is therefore
a Local constraint that can be used to reduce the number
of mined patterns. Consequently, the use of the conti-
guity constraint improves both the efficiency of the min-
ing and the apprehensibility of the results. However, the
mining of contiguous patterns has the drawback of be-
ing unable to mine noisy data, without a significant loss
of information.

2.3. Combination of constraints

Both Global and Local constraints are used to reduce
the number of sequential patterns mined, while retain-
ing either the complete information, of at least the most
important information for the practitioner. In addition
to improving the apprehensibility of the results, these
constraints also improve the efficiency of the algorithm
since the decrease in the number of sequential patterns
mined has a very favorable impact on execution time
and memory usage [47, 44]. Therefore, both the ability
of algorithms to integrate some constraints and the pos-
sibility for the practitioner to specify them, are critical.

Several algorithms allow to use multiple constraints
during the mining. For instance, the PG algorithm [44]
uses rules to integrate a set of monotonic and anti-
monotonic constraints during the mining of sequen-
tial patterns. Many algorithms like CloSPEC [8] and
CCPM [2] use such rules in addition to the closedness
constraint. Unfortunately, although Local constraints
are often effective to improve the efficiency of the min-
ing process and the apprehensibility of its result, they
also depend on the application context of the practi-
tioner and thus are not always specifiable.

Recently the CCSpan [58] algorithm introduced closed
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contiguous sequential pattern (CICoS P) mining. Fre-
quent CICoS P are far fewer and shorter than frequent
closed sequential patterns, while containing the same
information [58] than closed sequential patterns. CC-
Span outperforms several closed sequential pattern min-
ing algorithms like Clospan and BIDE, but scales rather
poorly on datasets with long sequences [2]. The CCPM
algorithm [2] also mines CICoS P based on the same
pattern-growth philosophy than BIDE and PG. CCPM
outperforms and scales better than CCSpan, while al-
lowing to use in addition monotonic or anti-monotonic
constraints. However, although CICoS P mining is an
effective combination of constraints to reduce the size
of the resulting set of patterns, it has the noise resistance
limit of the contiguity constraint.

2.4. Pattern mining in noisy data

As many real-world applications generate noisy or
uncertain data, more and more works focus on the min-
ing of sequential patterns in such data [3, 38, 54, 35, 37].
In these works, data is qualified as either noisy data [38,
54] or uncertain data [37, 34]. The common approach
adopted by these works notices that it is impossible to
count the frequency of patterns deterministically, so do
adopt a probabilistic approach. In addition, they assume
statistical independence between the different items in
terms of their uncertain probability behavior. Thus they
evaluate the probabilistic support of each itemset or pat-
tern in each sequence to determine if the appearance of
an itemset in a pattern is likely to be an error or not.

The approach proposed in [38] adopts a constraint-
based approach, the model proposed places constraints
on the fraction of errors permitted in each item col-
umn and the fraction of errors permitted in a supporting
transaction. Taken together, these constraints make the
patterns that contain systematic errors being discarded.

The major drawback of the probability-based ap-
proach is its high computational complexity, it is thus
not efficient and does not meet our requirements.

2.5. Summary

In summary, the literature highlights that a wide
range of sequential pattern mining algorithms mine
a (too) high number of patterns. This set is not
apprehensible. Two main directions are adopted to
solve this issue. The first direction aims at decreasing
the set of patterns while maximizing the amount of
information, without depending on the application
context of the practitioner. Like the well-known closed
sequential pattern mining or contiguous sequential
pattern mining. However, none of them is able to
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manage large and noisy databases, which is common
in many real-world applications [38]. The second
direction aims at decreasing the set of patterns while
extracting only the information relevant to the practi-
tioner, by using Local constraints. A local constraint
is practitioner-dependent, and significantly improves
the apprehensibility and the efficiency of the min-
ing. Although many algorithms (BIDE, PG, CCPM)
based on the pattern-growth philosophy allow the
combination of several constraints, no noise-resistant
algorithm aggregates as many constraints as monotonic,
anti-monotonic, closedness and contiguity constraints.
In other words, most algorithms lack genericity.

As a consequence, there is a critical need for a generic
algorithm able to manage large and noisy databases.

The issues raised by the state-of-the art make us con-
sider the following questions:
1) How to efficiently mine an apprehensible set of se-
quential patterns, including in the frame of noisy data?
2) How to design a sequential pattern mining algorithm
that aggregates several constraints such as monotonic,
anti-monotonic, closedness and contiguity constraints
and thus can be used with several combinations of con-
straints, whatever are the needs of practitioners are?

3. Preliminaries

In this section, we introduce some definitions and no-

tations that will be further used in this paper.
Let I = {iy,i,,...,i,} be a set of distinct items. An item-
set I, € I with |I,,| being the length of I, is an un-
ordered set of distinct items. Without loss of generality,
we assume that items in itemsets are sorted according
to a total order, such as the lexicographic order to facil-
itate the reading and for further processing. A sequen-
tial pattern P is an ordered list of itemsets, denoted by
P = (E,E, .., E;) where £y € I with1 < k < n.
In this paper, an itemset is always written with an up-
percase letter, while an item is always written with a
lowercase letter.

Let e be an item of I, P ¢ e means P concate-
nates with e. Concatenation can be an I-extension (I
for item), P ¢; e = (Ei,E;,....,E, U {e}) or an S-
extension (S for sequence), Poge = (Ey, Ey, ..., E,, {e}).
We expand the definition of item extension to sequen-
tial pattern extension. Given P = (E, E»,...,E,) and
P = (E|,E), .., E,) two sequential patterns, P o P’
means P concatenates with P’. When it is a I-extension,
Po;P' =(E\,Es, ..., E,U(E|, E}, ..., E;)) and when it is
a S-extension, P oy P’ = (E\, E, ..., By, E1, E, ., E} ).
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An input sequence database S DB is a set of tuples
(sid, S), where sid is a sequence id, and S an input se-
quence. A sequence can also be considered as a pattern,
thus it shares the same properties. The number of tu-
ples in S DB is called the size of S DB and is denoted by
|S DB|. A wildcard is a symbol that matches any itemset
of the sequence database. Aside from the above nota-
tions, we further present some definitions.

Definition 3.1 (Contiguous sub-pattern). Given P =
(E1, Es, ..., Ey) and P’ = (E', E}, ..., E} ) two sequential
patterns, P is a contiguous sub-pattern of P’, denoted as
P C P, if and only if n < m and there exist consecutive
integers ji, jo,..., jp such that: (1) 1 < j; < j» < ... <
Jn<miand 2)E, CE, E, CE, . .E, CE,. Pis
called a contiguous super-pattern of P, and P’ is said to
contain P.

Definition 3.2 (Absolute, Relative and Universal sup-
port). The absolute support of a sequential pattern P
in a sequence database S DB is the number of tuples in
S DB that contain P, denoted by sup5”5(P). The rela-
tive support of P in S DB is the proportion of tuples in
S DB that contain P, denoted by supy”5(P). The univer-
sal support of P in S DB is the number of occurrences
of P in S DB, denoted by sup$P5(P).

Without loss of generality, we use the absolute sup-
port for describing the C3Ro algorithm and use the rel-
ative support to present the experimental results in the
remaining of the paper.

Definition 3.3 (Frequent closed contiguous sequential
pattern). Given min_sup a support threshold, a con-
tiguous sequential pattern P is frequent in SDB if
supSPB(P) > min_sup. P is a frequent closed con-
tiguous sequential pattern if there exists no sequen-
tial pattern P’ such that: P C P, and sup5PB(P) =
supf_;DB(P’).

We now present some definitions related to the con-
tiguous projected items of a prefix sequential pattern, in
the context of contiguous sequential pattern mining.
Given an input database S DB, an input sequence
S = (E’,E;,...,E;n) and a sequential pattern P =
(Ei,E,,...,E,) with P C S. Therefore, there exist con-
secutive integers ji, j2,..., j, such that: (1) 1 < j; <
Jp<..<j,<mj;and 2) E| C E;1,E2 - E;.z,...,En -
E;

Definition 3.4 (Contiguous projected items of a sequen-
tial pattern). The contiguous projected items of P in §
are the union of two sets: (1) the set of i-extensions e; of
each occurrence of P in S such that E,, ¢; ¢; C E}, 2) if
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m > n, the set of s-extensions e, of each occurrence of
P in S such that e; € E;

n+1

Definition 3.5 (Contiguous projected sequence). The
set of contiguous projected items of P in S is called the
contiguous projected sequence of Pin S.

Definition 3.6 (Prefix contiguous sequential pattern). P
is called the prefix contiguous sequential pattern.

Definition 3.7 (Contiguous projected database). The set
of contiguous projected sequences of P in S DB is called
the contiguous projected database of P in S DB, denoted
P_.SDB

4. Introduction of two New Constraints: Robustness
and Extended-Closedness

4.1. CICoS P mining in noisy data

CICoS P mining is currently one of the most efficient
way to mine sequential patterns in data [58, 2]. In our
review of the literature, we have raised the issue of
mining closed contiguous sequential patterns in noisy
data. As mentioned in the previous section, the noise
in data represents a part of data that does not bring any
additional information. In practice, the noise in data
corresponds to three types of disturbances: loss, substi-
tution or addition of items in the data (notice that most
of the works of the literature only consider addition of
items). The noise is therefore a random disturbance,
poorly reproducible and infrequent, generally not found
in frequent patterns. However, the noise decreases the
support of some patterns, and can even make them not
being part of the resulting set of patterns. For example,
in a text mining context, noise may correspond to
word omission (loss), spelling errors (substitution) or
the use of irrelevant words (addition). The sentence
“Elementary, my dear Watson” can thus become, in
noisy data, “Elementary, my Watson” or “Elementary,
my deer Watson” or even “Elementary, my dear old
Watson” in case of imperfect typing of a user. However,
this is in fact, three times the same pattern “Elemen-
tary, my dear Watson” with different types of noise.
Let us set up a closed contiguous sequential pattern
mining with a minimum support min_sup = 2 in the
sequence database Noise (presented in Table 1) made
up of 5 sequences: two occurrences are the sequence
(Elementary, my, dear, Watson) without noise and
three occurrences occur with noise.

With the purpose of illustrating the impact of noise
in closed contiguous sequential pattern mining, we
exceptionally look for a specific pattern in the resulting
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Table 1: Example of noisy sequence database Noise

sid sequence CICoS P

#1  Elementary my dear Watson (Elementary, my) : 5, (Elementary, my, dear) : 3,
#2  Elementary my Watson (Elementary, my, dear, Watson) : 2,

#3  Elementary my deer Watson (Watson) : 5

#4  Elementary my dear old Watson

#5  Elementary my dear Watson

set. Indeed, the pattern (Elementary, my, dear, Watson)
represents the information we are looking for. In the
context of sequential pattern mining, we define the
information contained in a pattern as the tuple (pattern,
support of the pattern).
From this mining, the pattern
(Elementary, my, dear, Watson) has a support of 2
in this base of five sequences. This low frequency is
partly due to the low support of the item dear: 3, which
is substituted once (“deer’’) and omitted once. The low
support of the item dear causes a split of the pattern:
(Elementary, my, dear, Watson) in two more frequent
sub-patterns: (Elementary, my),(Watson). The set of
closed contiguous sequential patterns extracted then
lacks irreversibly part of the information. In order to
make CICoS P relevant when mining noisy data, the
three types of disturbances have to be handled. All the
conclusions that will be drawn on the closed contiguous
sequential pattern mining CICoS P remain valid in
contiguous sequential pattern mining CoS P.
On the one hand, wildcards [34, 49, 50] can be used to
address the addition of items issue [2]. On the other
hand, their use may lead to the mining of patterns that
may not be relevant in the frame of contiguous sequen-
tial pattern mining. Indeed, a contiguous sequential pat-
tern that always occurs with wildcards is unlikely to be
a contiguous sequential pattern that occurs with “noise”
items. It is more likely that it is a semi-contiguous
sequential pattern, i.e. a contiguous sequential pat-
tern whose all occurrences use a limited number of
wildcards. For example, in the Noise database, the
pattern (Elementary, my,dear, Watson) occurs twice
contiguously (#1, #5) and once with one wildcard
(#4). It can thus be considered as a contiguous pattern.
However, the pattern (Elementary, my, Watson) occurs
contiguously only once (#2) and four times with one
or two wildcards (#1, #3, #4, #5). This pattern is more
likely to be a semi-contiguous pattern.

We now introduce some definitions related to the us-
age of wildcards in CoS P mining. Let k € N be the
number of wildcards authorized.

Definition 4.1 (k-contiguous sub-pattern). Given P =
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(E1,Es, ..., E;)and P' = (E|, E), ..., E} ) two sequential
patterns, P is a k-contiguous sub-pattern of P’, denoted
as P C; P, if and only if n < m and there exist integers
Jisj2sejnsuchthat: (1) 1 < jj < jp < .. < j, <m
;and (2) E; C E}I,Ez Cc E;z, ..E, C E;n; and (3)
Jn—Jj1—n < k. P’ is called a k-contiguous super-pattern
of P, and P’ k-contains P (j, — j; — n is the number of
wildcards actually used).

Definition 4.2 (Absolute, Relative, Universal and Wild-
card k-support). The absolute k-support of a sequen-
tial pattern P in a sequence database S DB is the num-
ber of tuples in S DB that k-contain P, denoted by
supiy? (P). The relative k-support of P in S DB is the
proportion of sequences in S DB that k-contain P, de-
noted by suppP(P). The universal k-support of P in
S DB is the number of occurrences with k wildcards of P
in S DB, denoted by supj/3’(P). The wildcard k-support
of a sequential pattern P in a sequence database S DB is
the number of tuples that k-contain P using at least 1
wildcard, denoted by supy”?(P).

The subtraction of the wildcard k-support from the

k-support of a pattern makes it possible to obtain the
number of sequences where the pattern appears strictly
respecting the contiguity constraint.
We now present in Table 2 the mining of closed 1-
contiguous sequential patterns (with k = 1 wildcard) on
the previous basis (Table 1), specifying the 1-support
and wildcard 1-support of each pattern. Patterns im-
pacted by the use of a wildcard are in marked red. The
purpose of this new mining is still to extract the pattern
(Elementary, my, dear, Watson), which represents the
information. We see that using k = 1 wildcard allows
to extract a new pattern: (Elementary, my, Watson).
This pattern does not contain all the information we
are looking for, this is explained by the fact that this
pattern is mined three times out of four times thanks
to the use of a wildcard. Therefore, in the context
of a closed contiguous sequential pattern mining, we
consider the pattern (Elementary, my, Watson) as not
being a contiguous pattern.
As expected, the

wildcard allows to
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Table 2: Use of one wildcard in the mining of CICoS P in the Noise database

sid sequence CICoS P with one wildcard: support(wildcard 1-support)

#1  Elementary my dear Watson (Elementary, my) : 5 (0), (Elementary, my, dear, Watson) : 3 (1),

#2  Elementary my Watson (Elementary, my, Watson) : 4 (3),

#3  Elementary my deer Watson (Watson) : 5 (0)

#4  Elementary my dear old Watson

#5  Elementary my dear Watson
find additional occurrences of the pattern & depending on the estimated amount of noise in the
(Elementary, my,dear, Watson), —here one addi- s data. The mining of k-contiguous o-robust sequential

tional occurrence in the sequence #4 and so allows
to overcome the presence of the “noise” item old.
This increase of 1 of the 1-support allows the pattern
(Elementary, my,dear, Watson) to have the same
1-support as the pattern (Elementary,my,dear),
and as (Elementary, my, dear) )
(Elementary, my,dear, Watson), it is no longer
closed and therefore is removed from the resulting set.
In conclusion, the use of £k = 1 wildcard makes it
possible to alleviate the appearance of additional items
and thus to extract information not mined so far. In
return, the use of wildcards mines patterns that do not
necessarily respect the contiguity constraint. These
patterns are therefore not relevant for the extraction
of information in the frame of closed contiguous
sequential pattern mining. The problem is thus to limit
the use of wildcards.

4.2. Robustness Constraint

In order to answer this problem, we introduce a new
constraint: the robustness constraint. This constraint is
based on an adjustable parameter, the robustness ratio,
to limit the proportion of patterns in the resulting set
that use wildcards, without compromising on the use
of wildcards to mitigate the disturbance of additional
items during the mining process. This constraint can be
linked to the one proposed in [38] that aim at discarding
patterns that contain systematic errors.

Definition 4.3 (k-contiguous J-robust sequential pat-

tern). Given 6 € [0;1] a ratio and S DB a sequence

database, a k-contiguous sequential pattern P is d-robust
Sl/tps DB( P)

if and only if —

This definition reflects the fact that k-contiguous
o-robust sequential patterns stand on the proportion of
contiguous occurrences of a pattern against occurrences
that use wildcards. This proportion is set by the value
of the robustness ratio ¢, which is fixed by the user,
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patterns, thus relies on the use of wildcards and a
robustness ratio (see next section).

1), for
wildcard:

In our running example (Table
both patterns mined with k = 1
supjv\{,:”e((E lementary, my, Watsony)

Noise
SbtpAWk

supfv\{,:ise((Elementary, my,dear, Watson)) 1|
i = - 033
supﬁ"‘;{ﬁ:f((Elementary, my, dear, Watson)) 3

Thus, the mining of closed sequential patterns 1-
contiguous o-robust when ¢ € [0;0.74] allows to
remove the pattern (Elementary,my, Watson) of the
resulting set and thus contributes to the improvement
of the apprehensibility of the set of patterns. For
0 € [0.34;0.74], the set of extracted patterns becomes:
(Elementary,my : 5,{Elementary, my, dear, Watson) :
3,(Watson) : 5.

To summarize, regular sequential pattern mining of-
ten produces an unmanageable set and regularly faces
issues related to both execution time and memory us-
age. Contiguous sequential pattern mining allows to im-
prove both the apprehensibility of the resulting set and
the efficiency of the mining. However, this mining loses
information when the data is noisy. The k-contiguous
o-robust sequential pattern mining is a solution that pre-
vents the mining of unexpected additional items in noisy
data and that guarantees, to a certain extent, the conti-
guity of patterns.

3
= - =075 et
({Elementary, my, Watson)) 4

Howeyver, the other two disturbances that are item loss
and substitution, remain an issue when mining closed
contiguous sequential patterns in noisy data. Indeed,
in our running example, with 6 € [0.34;0.74], the re-
sulting set is still made up of 3 patterns (see Table 2),
whereas we only look for the information of the pat-
tern (Elementary, my,dear, Watson). Therefore, this
set contains redundant information, which leads to a
loss of apprehensibility for the user. The closedness
constraint allows to remove the patterns having a super-
pattern of the same support.
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4.3. Extended-Closedness Constraint

The problem raised by the loss and substitution of
items in data is also the decrease of the support of the
associated patterns. This decrease leads to the pres-
ence of sub-patterns in the resulting set that cannot be
removed by the closedness constraint. Indeed, in the
set of CICoS P from the Noise database, the pattern
(Elementary, my, dear, Watson) has only a support of 2,
while the sub-patterns (Elementary, my) and (Watson)
are also CICoS P with a support of 5. Therefore, the
closedness constraint cannot remove these sub-patterns.
The resulting set thus becomes less apprehensible. As
the loss and substitution of items is irreversible when
mining noisy data, our goal is to mitigate the increase
of the resulting set of patterns by removing some of the
sub-patterns to improve the apprehensibility, at the price
of the information regarding the support of these new
sub-patterns. To achieve this goal, we propose to re-
lax the closedness constraint to form a new constraint.
The resulting extended-closedness constraint does not
require that a sub-pattern has the same support than it
super-pattern to be removed. The extended ratio A, as-
sociated to this constraint, allows to set to what extent
the support of a super-pattern can be lower than the sup-
port of its sub-patterns for them to be removed. We rely
on the definition 3.3 to introduce the following defini-
tion:

Definition 4.4 (Extended-closed sequential pattern).
Given A € [0; 1] a ratio, S DB a sequence database, and
P a closed sequential pattern. P is a A-closed sequential
pattern if and only if there exists no super-pattern P’
supiDB(P’)

supiPP(P) =

If P’ exists and is a A-closed sequential pattern,
the reference closed sequential pattern of P’ is the
shortest closed sequential pattern P. C P’ verifying:
supiDB(P’)
supyPP(P.)

We now present in Table 3 the use of the extended-
closedness constraint depending on the value of the
extended ratio. This new constraint will contribute to
the reduction of the number of mined patterns. The
configuration where 4 = 1 is similar to the closed
contiguous sequential pattern mining like in Table
1. In the configuration where 1 = 0.6, the pattern
(Elementary, my,dear) disappears from the set of

verifying:

extracted patterns, as: (Elementary,my,dear) [C.
(E lementary, my, dear, Watson) and
supgﬁjk”«Elementary, my, dear, Watson))
- ~ (.66.
supﬁ’;"}:e(Elementary, my, dear)
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Since 0.66 > A = 0.6, we consider that both patterns
are considered to contain the same information, so
(Elementary, my, dear) is not a 0.6-closed contiguous
sequential pattern. In the configuration where 4 = 0.4:

su pﬁ’;’lﬁ'z“((E lementary, my, dear, Watson)) ~

Noise
supAWk

su pﬁ’;’lﬁ:e((E lementary, my, dear, Watson)) B

((Elementary, my))

supIAY{,"f:e((Watson))

Since 0.4 > 1 = 0.4, the only 0.4-closed contiguous
sequential pattern is (Elementary, my,dear, Watson).
A configuration with an extended ratio as low as 4 = 0.4
allows a potential large loss of the support information
as a 0.4-closed sequential pattern only needs to have
40% of the support of its sub-patterns to remove them.

As a A-closed sequential pattern is defined as a par-
ticular closed sequential pattern, the complete set of A-
closed sequential patterns is a subset of the set of closed
sequential patterns. Therefore, the complete set of A-
closed k-contiguous sequential patterns can be mined
while mining closed k-contiguous sequential patterns.

4.4. Notations of the Patterns of Interest

To clarify the set of sequential patterns we are
interested in, Table 4 presents the complete list, and the
associated abbreviations.

4.5. Summary on the Running Example

We now exhaustively list the various sets of se-
quential patterns that can be mined from the sequence
database Noise (Table 1) with min_sup = 2, k = 1 wild-
card, 6 = 0.6 and A = 0.6. The complete list of patterns
is presented in Table 5.

The set of frequent contiguous sequential patterns
CoS P is made up of 10 patterns and decreases to 4 pat-
terns in the set of closed contiguous sequential patterns
CICoS P. Both sets (grayed out in Table 5) are mined
using the contiguity and closedness constraints of the
literature.

The use of k = 1 wildcard (CICo; mining) results in a
set of the same size (4 patterns). However, as seen pre-
viously, the 1-support of several patterns is increased:

o (Elementary, my, Watson), increases from 1 to 4.
It thus becomes not only frequent, but also closed.

o (Elementary, my,dear, Watson), increases from 2
to 3.

In addition, (Elementary, my, dear) and
(Elementary, my, dear, Watson) now have the same
support, so (Elementary, my, dear) is no more closed.
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Table 3: Impact of the extended-closedness constraint in the mining in Noise database

A

Cl,CoS P

0.6
0.4

(Elementary, my, dear, Watson) : 2

1 (Elementary, my) : 5,(Elementary, my, dear) : 3,(Elementary, my,dear, Watson) : 2,(Watson) : 5
(Elementary, my) : 5,(Elementary, my, dear, Watson) : 2,{Watson) : 5

(Elementary, my, Watson) is mined three times out

of four thanks to the use of a wildcard, % =0,75 >

6 = 0.6. Thus, this pattern does not respect the 0.6-
robustness constraint. The set of CICo Ry ¢ patterns is
thus reduced to 3 patterns.

(thson) 1 (Elementary, my,dear, Watson) and
supg“;k“((E lementary, my, dear, Watsony)

su p%f;”((Watson))
Likewise,
(Elementary, my) T (Elementary,my,dear, Watson)

supois((Elementary, my, dear, Watson))
and - = 0.6.

Supgﬁﬁse((Elementary, my))
The 0.6-closedness allows to remove both patterns

(Watson) and {Elementary, my).

The final set of patterns ClygCoiRo¢ is reduced

to one single pattern (Elementary,my,dear, Watson)
with a I-support of 3, which greatly increases the
apprehensibility of the set of patterns, in comparison to
the set of CICoS P.
In the 5 sequences from the Noise database, 2
sequences contain a contiguous occurrence of
(Elementary, my, dear, Watson) without noise and
3 of them contain it with disturbances of items of
type loss, substitution or addition (actually on of
each). We can conclude that the use of the robustness
constraint makes it possible to overcome the addition
of items by finding one additional occurrence of
(Elementary, my, dear, Watson) and by removing the
semi-contiguous sequential patterns appeared thanks
to the use of a wildcard. We can say that the use of
the extended-closedness constraint makes it possible to
disregard the patterns appearing due to the loss and the
substitution of items in the Noise database.

In conclusion, both new robustness and extended-
closedness constraints improve the apprehensibility of
the set of CICoS P mined from noisy data. Indeed, on
the one hand, they mitigate the addition of items in data,
while preserving the contiguity constraint as much as
possible. On the other hand, they increase the apprehen-
sibility of the resulting set, by avoiding segmentations in
patterns.
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4.6. Problem statement

As part of our problem, which is to improve the ef-
ficiency of the pattern mining and the apprehensibility
of its results, we want to propose a sequential pattern
mining algorithm that natively integrates A-closedness,
k-contiguity, 0-robustness constraints, and allows for an
easy integration of a set of monotonic or anti-monotonic
constraints. Finally, the algorithm must answer the
following problem: given S DB a sequence database,
min_sup a minimum support threshold, £ a number of
wildcards, § a robustness ratio, A an extended ratio and
{ a set of monotonic or anti-monotonic constraints, how
to mine CI,CoxRsC/S P, the complete set of A-closed k-
contiguous d-robust sequential patterns satisfying a set
of constraints ¢?

5. CL[CoyRsC;SP Mining

In this section, we introduce the C3Ro algorithm

dedicated to CI,CoxRs;CS P mining. The name C3Ro
stands for Closed Contiguous Robust Constrained se-
quential pattern mining algorithm. C3Ro is based on
the pattern-growth philosophy, used in many sequen-
tial pattern mining algorithms, such as PrefixSpan [27],
BIDE [47], PG [44], CCPM [2], etc. C3Ro natively in-
tegrates closedness (as Clospan [51]) and contiguity (as
CCSpan [58]) constraints, in addition to any monotonic
or anti-monotonic constraints (as PG [44]). All these
constraints can be easily managed thanks to the pattern-
growth philosophy.
The main idea behind C3Ro is to provide a toolbox al-
lowing the final user to mine multi-constraints sequen-
tial patterns that fit his/her needs, through the use of sev-
eral meaningful parameters:

e k a maximum number of wildcards per pattern oc-
currence.
When k = 0, C3Ro mines contiguous sequential
patterns and when & = oo, it mines regular se-
quential patterns. More importantly, the number
of wildcards is a way to mine semi-contiguous se-
quential patterns or to improve the mining of con-
tiguous sequential patterns in noisy data.
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e ¢ a robustness ratio, to mine the newly introduced
k-contiguous d-robust sequential patterns.
It allows C3Ro to limit the impact of wildcards on
the set of occurrences of each pattern, thus on the
resulting set of patterns, by adjusting the robust-
ness ratio on the estimated amount of noise in the
data.

e A an extended ratio, to mine the newly introduced
A-closed sequential patterns.
It allows C3Ro to alleviate the closedness con-
straint with the extended ratio, and thus to extract
a more compact set of patterns than the traditional
set of closed sequential patterns. When 4 = 0
C3Ro mines maximal sequential patterns and when
A =1, C3Ro mines closed sequential patterns.

e [ aset of monotonic or anti-monotonic constraints.

In Table 6, we can see the adjustment of the extended
ratio A and the maximum number of wildcards k allows
the C3Ro algorithm to extract numerous types of pat-
tern. We do not make the robustness ratio vary (0 = 1)
as it does not impact the type of the patterns mined.

Table 6: Types of sequential patterns mined by C3Ro
witho =1

A

K 0 10; 1[ 1
0 maximal CoS P ClLL,CoSP CICoS P
10; co[ | maximal CoSP | C[,CorSP | CICoS P
00 maximal S P Ccl,SP CISP

C3Ro is able to mine a wide variety of patterns,
depending on the number wildcards, the robustness
ratio, the extended ratio and a set of monotonic or
anti-monotonic constraints integrated in the mining.
All theses parameters have a non negative impact on
the efficiency of C3Ro (time and memory), therefore
the efficiency of C3Ro is at worst the one of BIDE.

We introduce the sequence database S DB (Table 7) to
illustrate, throughout this section, how C3Ro algorithm
works. The structure of C3Ro is the following:

First, C3Ro uses a framework that enumerates frequent
k-contiguous d-robust sequential patterns satisfying a
set of monotonic or anti-monotonic constraints. This
framework is guided by the one of PrefixSpan to enu-
merate frequent sequential patterns.

Second, C3Ro uses a new extended-closedness check-
ing scheme, a pruning technique and a Backscan
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Table 7: Sequence database S DB

sid sequence

#1 ({al{b}cHbd})
#2 ({al{b}{ch

#3  ({ab}{d}{b}{c}id})

method, guided by the BIDE algorithm. We now present
both elements.

5.1. Framework to Enumerate Frequent k-Contiguous
0-Robust Sequential Patterns.

We start by introducing some definitions related to
the projected database with k wildcards (in line with the
definition of a contiguous projected database) and the
prefix-monotone constraint, required by the framework
we propose. Then we explain how to enumerate
frequent k-contiguous d-robust sequential patterns and
illustrate it on our running example (Table 7).

5.1.1. Preliminaries

Given S DB an input database, S = (E}, EJ, ..., E,)
an input sequence and P = (E, E», ..., E,;) a sequential
pattern with P C; S. By definition, there exist integers
Jisj2semjnsuchthat: (1)1 < ji < jp<..<j,<m
;and (2) E; C E}I,Ez - E;z,...,En - E;, and (3)
Jn — j1 —n < k (see definition 4.3):

Definition 5.1 (Number of wildcards available). To ex-
tend the k-prefix P in the sequence S, at least one
wildcard has to be available. This number is equal to

k=(jn=J1—=n).

Definition 5.2 (Projected k-items of a sequential pat-
tern). The projected k-items of P in S are the union
of two sets 1) the set of i-extensions e; of each occur-
rence of P in S such that E, ¢; e¢; C E; 2) the set of
s-extensions e; of each occurrence of P in S such that
€ € Ejrz+l v E;n+2". v E”"m(jln(k—j,,—j] —+15m)

Definition 5.3 (Projected k-sequence). The set of pro-
jected k-items of P in § is called the projected k-
sequence of Pin S.

Definition 5.4 (k-prefix sequential pattern). P is called
the k-prefix sequential pattern.

Definition 5.5 (Projected k-database). The set of pro-
jected k-sequences of P in S DB is called the projected
k-database of P in S DB, denoted P_;.S DB.
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Definition 5.6 (Usage of wildcards). For each j; with
i e [Lin[, if jix1 - ji > 1, we write P =
(E1,Ei, Eify™, ..., Ey) to identify itemsets found with the
use of a wildcard in a projected k-database.

In our running example, in the sequence (a)(b)(c),
the set of contiguous projected items (with no
wildcards) of the prefix sequential pattern (a) is:
{OIADACD), (@)}

If a wildcard is used to find an item, a * is denoted
on the item it corresponds to. In our example, when
k = 1, and no wildcard is used yet, all the first items of
second adjacent itemset after (a) are projected items too:
{o)"}, {(©)*}, {(D)*}}. To summarize, the set of projected
1-items of the prefix sequential pattern (a) in (a)(b)(c)
is {{(D), ()"} {(B), ()"}, {(-D), (d), (B)"}}.

Definition 5.7 (Wildcard support in a projected
k-database). Given P a k-prefix sequential pattern and e
an item of its projected k-database. The wildcard sup-
port of e is the number of sequences in which e occurs,
using at least one wildcard and following an occurrence
of P that has used no wildcard.

We illustrate the wildcard support in a projected

k-database on our running example, with kK = 2 and the
pattern (a)(b)(d):
In sequence sid #1, the occurrence of (a)(b) has not
used any wildcard. One wildcard has to be used to find
(d) and form (a)(b)(d). The used wildcard increases
the 2-support by 1. In sequence id #3, the 2-prefix
sequential pattern (a)(b) has already used one wildcard
and needs to use a second wildcard to find (d). Thus,
this wildcard does not increase the wildcard support
of (d) in the projected 2-database of (a)(b). Therefore,
supy,” () = 1

The following definition and lemma come from [44].

Definition 5.8 (Prefix-monotone constraint). A con-
straint C is called prefix anti-monotonic if for each se-
quential pattern P satisfying the constraint, every prefix
of P also satisfies C. A constraint C is called prefix-
monotonic, if for each sequential pattern P satisfying
the constraint C, each sequence having P as a prefix,
also satisfies C. A constraint is called prefix-monotone
if it is either prefix anti-monotonic or prefix monotonic.

Lemma 5.1 (Prefix-monotone constraint principle).
Given a prefix-monotone constraint C and a sequential
pattern P.

1. When C is prefix anti-monotonic, if C(P) = false,
then there exists no sequential patterns P’ that has P as
a prefix with: C(P’) = true.
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2. When C is prefix monotonic, if C(P) = true, then ev-
ery sequential pattern P’ having P as a prefix verifies:
C(P’) = true.

Theorem 5.2 (Pruning in a projected k-database).
Given a k-prefix sequential pattern P in a sequence
database S DB and e an item of the projected k-database
of P. If an item ¢’ always appears after e in the pro-
Jjected k-database of P, € can be safely removed from
the projected k-database.

Proof. Given e and ¢’ two items, P a k-prefix sequen-
tial pattern and S DB a sequence database. If each oc-
currence of an itemset ¢’ always appears after an oc-
currence of an itemset e in each projected k-sequence
of P, it means that there exists a sequential pattern
0 = (Poeoe) with supff‘?vf(Q) = supf,%f((P o).
Thus, each occurrence of the sequential pattern (Poe’) is
included in an occurrence of Q and so are its extensions.
Therefore, it is useless to extend P with ¢’, only with e
and ¢’ can be pruned from the projected k-database of
P. O

Theorem 5.3 (k-contiguous d-robust sequential pat-
tern projection). Given 6 € [0;1] the robustness ra-
tio, P a k-contiguous d-robust sequential pattern and
e a frequent item from its projected k-database. (P ¢
e) is a k-contiguous O-robust sequential pattern if
suin?B(P) + suprfDB(e) -

b e)

sup

Proof. Given P a k-contiguous ¢-robust sequential pat-
tern and e a frequent item from its projected database
with supgvlk)B(P) + suprfSDB(e) < supngkSDB(e) *
6. Building on the definition 5.7, supivlk)B(P) +
suprfSDB(e) = supfv’?B«P o e)). As supf;fvaB(e) =
suinDVf((Poe», if suinfB((Poe)) < supaw,(e) = then
(Poe)is a k-contiguous o-robust sequential pattern. [

5.1.2. Enumeration of Frequent CoiRsC;S P.

In C3Ro, the complete search space of k-contiguous
sequential patterns forms a sequential pattern tree, as
in [7]. The root node of the tree is at the top level
and is labeled @. To form the tree, C3Ro recursively
extends a node (referred to as a k-prefix sequential
pattern) at a certain level in the tree by adding at most
k + 1 contiguous itemsets per occurrence of the k-prefix
sequential pattern.

As C3Ro is designed to mine patterns satisfying £ a
set of monotonic and/or anti-monotonic constraints, the
framework only extends the k-prefix sequential pattern
with frequent items according to Lemma 5.1, depending
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on the given constraint(s) in the { set. Applying this 1oes
Lemma greatly reduces the search space, hence the 1o
efficiency of C3Ro. It also reduces the resulting set, 10s7
by removing irrelevant patterns. The Lemma is used 1
in C3Ro in the following way: when all frequent o
items satisfying ¢ are identified, each one becomes
a k-prefix sequential pattern to be extended (at this
step the algorithm is at the first level of the tree). The os
framework then builds the projected k-database of each oo
k-prefix. The wildcard support of all the items must be
evaluated in order to apply Theorem 5.3. Finally, only 4,
the frequent items in the projected k-database with a
wildcard support verifying Theorem 5.3 can extend the
k-prefix in k-contiguous ¢J-robust sequential patterns.
This process is recursively repeated for each k-prefix to
mine the resulting set of CoxRsC;S P.
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1101
Now we rely on our running example to describe

how to enumerate frequent closed k-contiguous sequen-
tial patterns with k = 1 wildcard. The I-prefix se-
quential pattern P = (a) is the first one studied (due
to the lexicographic order). Its projected 1-database
is: {(b), ()"}, {(D), ()"}, {(-D), (), (b)"}}. In this pro-
jected 1-database, (b) has an 1-support of 3 and (c)
has an 1-support of 2. As both I-support exceed 10
min_sup, they can extend (a). However, in the pro-
jected 1-database, (b) always occurs before (¢)*. Ac-
cording to Theorem 5.8, (a) can be extended with (b),
while (c) can be removed. Then, given the 1-prefix
sequential pattern (a)(b), its projected 1-database is:
{{(c), (D)}, {()}{(c)}}. (c) has a 1-support of 3 and can
extend (a)(b). The projected 1-database of (a)(b)(c) is:
{(D), ()}, {0}{(d)}}. (d) is the last item that can ex-
tend (a)(b)(c). The 1-prefix sequential pattern (a) is
now fully extended. The same method can be used with
P =(b), P=(c)and P = (d).
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5.2. BI-Directional A-closedness Checking with Wild-

cards. 1121

Before explaining the two main steps that are :zz
forward-extensions and backward-extensions, we start .
by explaining global strategy adopted by C3Ro for 1o
checking closedness and A-closedness. Then, we detail e

the Backscan pruning method. i

1128

5.2.1. Closedness and A-closedness checking strategy
The previous framework mines k-contiguous d-robust
frequent sequential patterns, satisfying prefix-monotone 110
constraints. To get the set of frequent A-closed se- 11a1
quential patterns, an A-closedness checking has to be 1132
performed. C3Ro A-closedness checking scheme is 113

13

1129

based on the same efficient BI-Directional design than
BIDE to check closed sequential patterns.

As the definition 4.4 of Cl,Co;S P is based on the
definition 3.3 of CISP, we first must identify them
to be able to identify Cl,CoxSP. We introduce and
redefine here several concepts and theorems of the
BIDE [47] algorithm in order to use them in the con-
text of C1,CorRsC;S P mining:

According to the definition 4.4, if P = (E, E», ..., E,;)
a CoiS P, is not closed, it means that there exists at
least one item e, which can be used to extend P to get
P" a CoiS P, with supaw, (P) = supaw,(P’). In line with
BIDE, P can be extended into P’ in three ways: (1)
P =(E|,E,,...E,))oe(2Q) P =eo(E\,E,,..,E,) and
(3) di,1<i< n, P = <E1, E,, -~-’Ei><>e<>s <Ei+1, ,En>
(1) e occurs after the itemset E,, BIDE challenges e
a forward-extension item of P. (2) and (3) e occurs
before itemset E,, BIDE calls ¢ a backward-extension
item of P.

Theorem 5.4 (BI-Directional extended-closedness
checking). P a sequential pattern is closed, if and
only if P has no backward-extension and no forward-
extension items.

The closedness checking strategy BIDE relies on
forward-extension and backward-extension detec-
tion. We use the same strategy in the context of
CIACOkR(;C{SP.

Similarly to CIS P, if a closed sequential pattern P =
(E\,E,,...,E,), is not an Cl,Co;S P, it means that there
exists at least one item e, which can be used to extend P
to get a new sequential pattern P, with supaw, (Pc)*A <
supaw,(P) (where P, is the reference closed sequen-
tial pattern of P’ with P. C; P). The closed sequential
pattern P can be extended into P’ in three ways: (1)
P =(E\,Ey,..,E,)oe Q) P =e<(E,E>,.. E,)and
(3) i, 1<i< n, P = <E1 ,Eo, ..., E,‘><>€<>S <E,‘+1 5 eney En>
(1) e occurs after the itemset E,,, we call e a A-forward-
extension item of P. (2) and (3) e occurs before itemset
E,, we call e a A-backward-extension item of P. Given
the above elements, the following theorem becomes ob-
vious, according to the definition of a frequent A-closed
sequential pattern with wildcards (definition 4.4).

Theorem 5.5 (BI-Directional extended-closedness
checking). P a CoySP is a CICoiS P, if and only if
P has no A-backward-extension and no A-forward-
extension items.
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We have just shown that thanks to the four types of

extension we can check if a pattern is closed and then if
it is A-closed.
We propose to follow the procedure below to identify
the A-closed sequential patterns when enumerating the
CoiRsC;SP. We evaluate each k-prefix CoiRsC;S P
that has just been validated by the enumeration frame-
work to first determine if this k-prefix is closed. Then
the k-prefix is kept if lambda-closed, if not, a super-
pattern necessary is. Thus, the support of the reference
closed sequential pattern is kept to find the A-closed se-
quential pattern in a future extension of this k-prefix.

5.2.2. Forward-extensions and A-forward-extensions
checking

We now introduce the lemmas to identify the four
types of extension and evaluate the closedness and the
A-closedness of a pattern. We start with both lemmas to
check forward-extension and A-forward-extension:

Lemma 5.6 (Forward-extension item checking). Given
P a ClCoS P and S DB a sequence database, its com-
plete set of forward-extensions items is the set of items e
in its projected k-database that verifies: supP*SDB(e) =

supiyt (P).

Proof. For each item e in the projected k-database
of P, a new Co,SP P = (P ¢ e) can be cre-
ated, if supP*SDB(e) = supSDB(P) thus supSDB(P’) =
supf\{f,B(P) then Pisnota CICo;S P and {e) is a forward-
extension of P. O]

Lemma 5.7 (A-forward-extension item checking).
Given P a CICoiS P, P, its reference closed sequential
pattern and S DB a sequence database , its complete set

of A-forward-extensions items is the set of items e in its
P_SDB
pAWk (6)

SDB
Paw, (Pe )

projected k-database that verifies:

Proof. For each item e in the projected k-database of
P, a new CorSP P’ = (P ¢ ¢e) can be created, if

P_SDB P_SDBpr

sup,w. . (e) sup (P

—?;kB A thus —Asvg 7 > A then P is not
supShE(Pe) PSDB(P.)

a ClCoiS P and {e) is a A-forward-extension of P. [J

These lemmas show that the evaluation of the k-
support of items in the projected k-database of a k-prefix
allows to determine if this k-prefix has both a forward-
extension and a A-forward-extension.

1175
1176
1177
1178
1179
1180
1181
1182
1183

1184

1185
1186
1187
1188

1189

1190
1191
1192
1193
1194
1195
1196
1197
1198

1199

1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210

1211

1212
1213
1214
1215

1216

1217
1218

1219

1220

1221

14

5.2.3. Backward-extensions and A-backward-
extensions checking

We now present how to identify backward-extensions
and A-backward-extensions. These extensions combine
two ways to extend the k-prefix: either the item appears
between the first and last itemset of the k-prefix, or the
item appears before the first itemset of the k-prefix. We
introduce a theorem allowing a pruning of extensions
between the first and the last itemset of the k-prefix, dur-

ing the enumeration phase.

Theorem 5.8. Given P a CoyRsCS P, S DB a sequence
database and e, an item of the projected k-database of
P. If an item ey always appears after e, in each pro-
jected k-sequence of P then e, can be removed from the
projected k-database of P.

Proof. Given P a CoiRsC;SP, SDB a sequence
database and e;, e, two items of the projected k-
database of P. If e, always appears after e¢; in each
projected k-sequence of P, then it means that there ex-
ists P" a CoiRsS P such as P = (P ¢ e; ¢ ep) with
supf,?vB(P’) = supy; DB((P ¢ e,)). Each occurrence of
(P<>e2> is included in an occurrence of P’, thus all its ex-
tensions are also included the extensions of P’. There-
fore, it is useless to extend P with e, and e, can be re-
moved from the projected k-database of P. O

Thanks to this theorem, A-backward-extensions be-
tween the first and last itemset of the k-prefix are pruned
during the enumeration phase, so we can focus only
on identifying backward-extensions and A-backward-
extensions when the item appears before the first itemset
of the k-prefix. Given S DB a sequence database, S a se-
quence (E{, E), ..., E; ) from S DB and P a CoiRsC;S P
(E\,E>,...,E,)in SDB such as P C; S. It means there
exists integers ji, ja, ..., jp such as: (1) 1 < j; < jp <

< Jnsmi2)El CE L E CE, .,E,Z CE (3
Jn— j1 —n < k. The number k — (j, — j; — n) represents
the number of wildcards available for P.

Definition 5.9 (Backward k-sequence). The backward
k-sequence of P in S is the union of the set of i-

extensions e¢; such as ¢; ¢; E; C E; and the set
of s-extensions e such as e; € E}H U E; e U

denoted P_p S .

EmaX(Jl —(k=(jn—j1—n)-1,1)

Definition 5.10 (Backward k-database). The set of
backward k-sequences of P in S DB is called the back-
ward k-database of P in S DB, denoted P_p S DB.

We introduce the two lemmas to identify the
backward-extensions and A-backward-extensions:
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Lemma 5.9. Given P a CICoS P and S DB a sequence
database, its complete set of forward-extensions items
is the set of items e in its projected k-database that ver-

ifies: sup;s:SDB(e) = supyyr (P).

Proof. For each item e in the backward k-database
of P, a new Co,SP P’ = (e o P) can be created,
if su (e) = supi‘lz,f(P) thus supievf(P’) =
supig,f(P) then P is not a CICoSP and (e) is a
backward-extension of P. O]

Lemma 5.10. Given a CICoiS P P and its closed se-
quential pattern P, in a sequence database S DB, its
complete set of A-backward-extensions items is the set

of items e in its backward k-database that verifies:
P SDB
supy ()

supy(Pe)
Proof. For each item e in the backward k-database of
P, a new Co,SP P’ = (e ¢ P) can be created, if
P_3, SDB 3
SUP gy, (e) SUP
supyP(Pe) supiyt (Pe)
not a Cl,CorS P and {e) is a A-backward-extension of
P. O

> Athen P is

The theorem 5.8 and the lemmas 5.9 and 5.10 show
that the evaluation of the k-support of items in the
backward k-database of a k-prefix allows to identify
its backward-extensions and A-backward-extensions.
Therefore, the strategy we propose to verify the closed-
ness and the A-closedness of a pattern is based on the
evaluation of the k-support of the items in the backward
k-database of each k-prefix.

5.2.4. Backscan pruning method

A new Backscan pruning method has been designed
in order to avoid mining non-closed sequential patterns.
The idea behind the Backscan pruning is to identify
items that always appear contiguously with the k-prefix
in each backward sequence.

Theorem 5.11 (Backscan pruning). Given a k-prefix P
in a sequence database S DB. If an item e is always the
first item before each occurrence of P, then P can be
safely stopped to be extended.

Proof. Given an item e, a k-prefix P and a sequence
database S DB. If an item e is always the first item be-
fore each occurrence of P, it means that there exists a
CorSP Q = (e ¢ P) using the same number of wild-
cards as P with supf}v)vf(Q) = sup%vf(P). Thus, the
sequential pattern P is always included in Q and so are
its extensions and it is useless to extend P. O
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5.3. Hlustration of CI,CorRsC;S P mining with C3Ro

In the previous section, we have introduced the
definitions and theorems necessary to enumerate the
CorRsCS P (section 5.1.2) and then to evaluate their
A-closedness (section 5.1.3). Before presenting Algo-
rithm C3Ro, we first illustrate its process. We rely on
S DB sequences (Table 7) to extract the ClyesCo1Ry 6
patterns with min_sup = 2.

Itemsa : 3,b:3,c:3andd : 2 are frequent. In
alphabetical order, the 1-prefix P = ({a}) is the first
pattern to be extended. The first step is the enumera-
tion of the Co RS P of 1-prefix P. The projected 1-
database of P is {({b}, {c"}), ({b}. {c"}), ({-b}, {d}, {b" D}
Items b and c are frequent in the projected 1-database
of ({a}). We notice that item c is always preceded by
item b in the projected 1-database of ({a}). In accor-
dance with Theorem 5.8, item ¢ can therefore be re-
moved from the projected 1-database. We also note that
supiPP(fap) + supy**PPe) 042

su pﬁdv’l}ks DB(c) 2

cording to Theorem 5.3 item ¢ can also be removed from
the projected 1-database of P = ({a}). Theorem5.8 al-
lows pruning by identifying if one item always precedes
another, while Theorem 5.3 evaluates the k-support and
wildcard k-support of each item and prunes items that
cannot form d-robust sequential patterns. The second
step is the evaluation of the 0.65-closedness of the 1-
prefix P. Knowing that item b has a 1-support of 3, just
like the 1-prefix P = ({a}), according to Lemma 5.6, this
1-prefix is neither closed nor 0.65-closed.

We now consider the 1-prefix P = ({a},{b}) with
the two same steps: enumeration of the CoiRyeS P
of 1-prefix P and evaluation of the 0.65-closedness
of the 1-prefix P. The projected 1-database of P
is: {{{c}, {bd"}), {{c}), {{c}, {d*})}. Ttems {c}, {d} are fre-
quent. Item d is always preceded by item c in the pro-
jected 1-database, so it is useless to keep d in the pro-
jected 1-database. Item c has a 1-support of 3, just like
P, the pattern P = ({a}, {b}) is neither closed nor 0.65-
closed.

We consider the 1-prefix P = ({a}, {b},{c}) and re-
peat the same two steps, its projected 1-database is:
{{bd}), ({d})}. Ttem d is frequent, so it can extend
the prefix. There are no items of the same 1-support
as the 1-prefix in the projected 1-database and there-
fore no forward-extensions. Since the backward 1-
database of the 1-prefix is empty because it has no
item before item a, therefore P has no backward-
extensions either. According to Theorem 5.4 , the
({a}, {b}, {c}) pattern is closed. According to Lemma
5.7, d is a 0.65-forward-extension of ({a}, {b}, {c}) be-

=1 > 0.6, ac-
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cause the l-support of d in the projected 1-database
([al,[b},m),glsog(d)

fu = 220662 1= 065
suphP((fab bk {ch) 3
Therefore, ({a}, {b}, {c}) is not 0.65-closed.

The 1-prefix P = ({a}, {b}, {c}, {d}) is now considered.
This 1-prefix has neither a backward 1-database nor
a projected 1-database, because no item occur before
or after P. Thus, P has no extension. According to
Theorem 5.5, ({a}, {b}, {b}, {c},{d}) is therefore the only
0.65-closed sequential pattern having as first item a.
The same method can be applied with the 1-prefixes
P = {b}), P = {c}) and P = ({d}). Finally,
ClyesCo1Rp6S P is made up of only one pattern:
{({a}, {b}, {c},{d})} compare to the 9 CoS P.

checks:

To summarize, in the frame of a CICoS P mining, the
use of k = 1 wildcard allows to discover new patterns
that may not appear in the resulting set due to noisy
data (2 patterns). The 0.6-robustness constraint sets the
limit between contiguous sequential patterns and semi-
contiguous sequential patterns. In this configuration,
if a pattern occurs more than 4 times out of 10 with
a wildcard, it is considered semi-contiguous and thus
not relevant (1 pattern). The 0.65-closedness constraint
allows to remove sub-patterns having a support 35
percent higher than a super-pattern and thus to remove
more patterns than the closedness constraint (1 more
pattern).

We have here an illustration of the capacity of the
robustness constraint and the extended-closedness
constraint to reduce the resulting.

The Table 8 is a summary of the various frequent se-
quential patterns with min_sup =2, which we have pre-
sented throughout this section.

5.4. The C3Ro Algorithm.

In this section we present the C3Ro algorithm (Algo-
rithm 1), which integrates the framework that searches
frequent k-contiguous d-robust sequential patterns sat-
isfying a set of prefix-monotone constraints {(section
5.1), before checking the A-closedness (section 5.2).

The input parameters of C3Ro are S DB, a sequence
database, min_sup a minimum support, { a set of prefix-
monotones constraints, ¢ a robustness ratio, A an ex-
tended ratio and k a number of wildcards. C3Ro starts
with an evaluation of the k-support of each item to
extract F'1, the set of frequent items satisfying the
set of constraints £, according to the rules introduced
in [44], via the function Enumeration_items (line 2).
The Backscan function (line 4) checks if f1 can be

16

Algorithm 1 C3Ro(S DB, min_sup, £, 9, 4, k)

Input: S DB a sequence database, min_sup a minimum
support,  a set of prefix-monotones constraints, ¢ a
robustness ratio, A an extended ratio and k& a number of
wildcards.

Output: F, the C1;CorR;C;S P

1. F ={0}

2: F1= Enumeration_items(S DB, min_sup, {);

: for each f1in F1 do

4 if Backscan(f1)

5 f1.S DB = P_kdatabase(S DB, f1, k);

6: pExt(f1_SDB, f1,min_sup, {, 9, A, k,—1, F);
7: return F

(95]

Algorithm 2 pExt(P_SDB, P, min_sup, ¢, 8, A, k,
cl_sup, F)

Input: P_;.S DB the projected k-database of k-prefix P,
P a k-prefix, min_sup a minimum support, { a set of
prefix-monotones constraints, § a robustness ratio, 4 an
extended ratio and k a number of wildcards, cl_sup the
support the previous CIS P and F' the previous set of
CLiCorRsC/S P.

Output: F, the current set of CI[;CorR;C;S P

1: FI= Enumeration(P_S DB, min_sup, (, 6, k);
2: BE = Backward_extension(P, k)
3. FE = He € FI| suptSP5(e) = sup® DB(P)H;
4: if {BE U FE} == {0})
50 if clsup == -1
6 cl_sup = supf‘{))‘,f(P);
7. ABE = A-Backward_extension(P, k)
8: AFE = “e e FI| supi;f,kDB(e) > cl_sup * /l}‘;
9:  if {ABE U AFE} == {0})
10 cl_sup = —1;

11: if Check_C(P,{)
12: F =F U{P};

13: for each i in FI do

14:  P;=(Poi);

15:  if Backscan(P;)

16: P;_S DB = P_kdatabase(P_S DB, P;, k);

17: PExt(P;_S DB, P;, min_sup,{, 6, A, k, cl_sup, F);
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pruned according to Theorem 5.11. The projected k-
database of each item in F'1 is created with the function
P _kdatabase (line 5). Then, the sub-algorithm pExt is
called with each frequent items satisfying all the prefix-
monotonic constraints £ (line 5), its goal is the recursive
path of the projected k-databases of each k-prefix to ex-
tract the complete set of patterns C/,CorRsC,. In the
sub-algorithm pExt, the function Enumeration allows
the enumeration of the CoyR;C, patterns in the pro-
jected k-database of the k-prefix P (line 1). The function
Backward_extension obtains the BE set of backward-
extensions of a the k-prefix P according to the lemma
5.9 (line 2). FE is the set of forward-extensions of the k-
prefix P obtained according to the lemma 5.6 (line 3). If
sets BE and F'E are empty, then the k-prefix P is closed
and its k-support must therefore be kept for the check-
ing of the A-closedness constraint (lines 4,5,6). In the
case where the k-prefix P is closed, the A-backward-
extensions and A-forward-extensions are searched ac-
cording to the lemmas 5.10 and 5.7 (lines 9,10). If the
k-prefix has no extension and satisfies all the constraints
 (line 11), then it is added to the F set of C[;CorRsC;
(line 12) patterns. The sub-algorithm pExt is called re-
cursively (line 16) with a new k-prefix: the P pattern
extended with each item in the FI set, created during
the enumeration phase (line 1). When all k-prefixes
have been extended, the F set is the complete set of
Cl AC OkR(;Cg.

C3Ro is thus an answer to the second scientific ques-
tion: How to design a sequential pattern mining algo-
rithm that aggregates several constraints such as mono-
tonic, anti-monotonic, closedness and contiguity con-
straints and thus can be used with several combinations
of constraints, whatever the needs of a user are?

6. Discussion

The review of the literature of sequential pattern min-
ing highlighted that mining large and noisy databases
remains an important issue although such databases are
common in many practitioners’ application contexts.
Using constraints during the mining process is a promis-
ing direction to alleviate this issue as they improve both
the apprehensibility of the set of patterns and the effi-
ciency of the mining process. However, no algorithm
in the literature integrates constraints dedicated to noisy
databases.

C3Ro alleviates these limits. It is a generic sequential
pattern mining algorithm, able to mine both large and
noisy databases. It relies on two newly defined con-
straints and on the use of wildcards. Given that mem-
ory is the most limiting resource when mining large
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databases, C3Ro is designed to limit memory usage. As
a consequence, C3Ro may be less efficient in terms of
execution time in comparison to recent algorithms that
use vertical IDLists representation.

Furthermore, C3Ro is designed to be fully practitioner-
oriented, and uses understandable parameters that make
sense in practitioners’ application context. Neverthe-
less, these parameters are numerical parameters that
need to be set by the user. To ensure that the best set
of patterns is mined, the practitioner might have to ex-
periment several combinations of values.

In conclusion, C3Ro does not guarantee to be the most
efficient mining algorithm for each individual case, es-
pecially in terms of execution time. However, it is a
generic algorithm, designed to be the only input (al-
gorithm) that a practitioner uses, whatever are his/her
needs, constraints and data characteristics. C3Ro fulfils
a wide range of needs and is extremely practical.

7. Experiments

In this section, we conduct a comprehensive perfor-
mance study to evaluate C3Ro in terms of efficiency,
noise resistance and apprehensibility.

First, we aim at evaluating the efficiency of C3Ro
when mining CICo;S P (closed k-contiguous sequential
patterns) in terms of execution time, memory usage
and scalability. As C3Ro is able to mine from closed
contiguous sequential patterns (CICoS P) to closed
regular sequential patterns (CIS P), depending on the
value of k£ (from O to c0), we start by comparing C3Ro
to CCSpan [58], a CICoS P mining algorithm, and
to CM-Clasp [13], one of the most efficient vertical
CIS P mining algorithm, in terms of both execution
time and memory usage. Then, we evaluate the impact
of each additional wildcard both on the execution
time and on the number of mined patterns by C3Ro.
For clarity, in this experiment, we use the notation
C3;Ro when C3Ro is in the configuration of min-
ing CICorSP. The evaluation of the efficiency of
C3Ro is further detailed by an evaluation of its scal-
ability on several datasets, including very large datasets.

Second, C3Ro is evaluated in terms of noise resis-
tance and apprehensibility of the set of patterns, when
mining CI,CorRsC; (A-closed k-contiguous ¢-robust se-
quential patterns satisfying a set { of prefix-monotones
constraints). As the employment sector is our main ap-
plication field of interest, we conduct this second exper-
iment on a dataset made up of job offers.
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7.1. Datasets and Environment.
The experiments are performed on a i17-7700HQ 149
2.8GHz with 16GB memory on Windows 10.
In order to evaluate the efficiency of C3Ro (first part 1ase
of the experiments), we use three reference datasets
(see Table 9), traditionally used to evaluate sequen-
tial pattern mining algorithms [51, 47, 13, 58, 2].
BMS 1 Gazelle, Kosarak and a light version LKosarak.
BMS 1 Gazelle and Kosarak are available online on the
SPMF website!.
The BMS 1 Gazelle dataset contains clickstream and 1sos
purchase data from Gazelle.com, a legwear and legcare 1s0s
web retailer, it was used in the KDD-CUP 2000 isor
competition. The second dataset, Kosarak, is a very 1se
large dataset containing almost 1 million sequences 1so
of clickstream data from a Hungarian news portal.
The light version (LKosarak) contains about a third isi
of the sequences of the original, with almost the same
characteristics.
The second part of the experiments is conducted on
Jobs60K [2]. This dataset is made up of 60,000 job
offers, collected from specialized websites between s
January 2016 and June 2016. Jobs60K is noisy and s
very sparse, it reflects the kind of textual data that can 1s1s
be found on the Web.
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7.2. Efficiency Evaluation 1541
7.2.1. C3Ro vs CM-Clasp vs CCSpan

This section is interested in the execution time (Fig-

ures 1 and 2) and the memory usage (Table 10) of the 3
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algorithms on the 3 datasets.

We first focus on the comparison of C3gRo and
CCSpan, as they both mine CICoS P, in terms of ex-
ecution time, with various relative support thresholds,
on BMS 1 Gazelle. The execution time of both CCSpan
and C3pRo on BMS1 Gazelle, according to min_sup,
is shown in Figure la. C3(Ro always has an execution
time below CCSpan, up to a maximum of almost
700 times with the lowest support. In addition, the
decrease of the support impacts twice less C3pRo than
CCSpan. In addition, even with k ranging from 1 to oo,
C3iRo remains faster than CCSpan on BMS 1 Gazelle.
The execution time of CCSpan on both Kosarak and
LKosarak is not shown due to an extremely high
execution time.

Second, we focus on the mining of CIS P by compar-
ing C3;Ro and CM-Clasp with a number of wildcards k
ranging from 0 to co (Figures 1 and 2). CM-Clasp could
not be executed on any of the 3 datasets with a support
lower than 1073, due to an extreme memory usage. We
observe that when the number of wildcards is below
5 and the support is higher than 1073, C3;Ro and
CM-Clasp are very similar in terms of execution time
on the three datasets. Therefore, we can conclude that,
when k is ranging from O to 5, C3,Ro competes with
one of the most efficient CloS P mining algorithms,
CM-Clasp, while being able to run with very low
support values on very large datasets such as Kosarak.
Let us recall that C3Ro has been designed to improve
the efficiency of sequential pattern mining and the
apprehensibility of its results. Thus, even if C3Ro can
mine CIS P, it is rather intended to mine contiguous and
semi-contiguous sequential patterns, so with a limited
number of wildcards, in order to achieve its objective
regarding efficiency and apprehensibility.

Regarding the memory usage (Table 10), let us first
focus on the comparison of CCSpan and C3yRo that
mine CICoS P. On BMS 1 Gazelle, they are both con-
suming less than 300MB, so are comparable. Let
us recall that CCSpan could not be executed on both
LKosarak and Kosarak due to execution time issues.

Let us now focus on the comparison of CM-Clasp
and C3.Ro that mine CloSP. On BMS1 Gazelle,
CM-Clasp consumes at least 4,200MB and explodes
regarding memory usage when is min_sup lower than
5.1073. C3Ro consumes less than 250MB, whatever is
min_sup, which is similar to C3¢Ro.

Concerning LKosarak and Kosarak, we observe a
similar behavior. C3,,Ro has a low memory usage, i.e.
between 5S00MB and 1,300MB according to min_sup
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Figure 1: Execution time on Gazelle(a) and LKosarak(b)

and CM-Clasp has a very high memory usage, between
6,700MB and 10,600MB with a high min_sup value,
and explodes when the support is lower than 2.1072.
This high memory usage is a drawback of the verti-
cal representation when the number of frequent patterns
mined increases. This makes CM-Clasp not executable
on any dataset with a low min_sup value. We observe
that the number of wildcards has no impact on the mem-
ory usage of C3;Ro, probably due to the pattern growth
representation.

With a limited number of wildcards, C3;Ro has an ex-
ecution time similar to CM-Clasp and becomes slower
when the number of wildcards is above 5. Let us recall
that, even if C3Ro is able to mine CIS P, it has been
designed to mine closed contiguous or semi-contiguous
sequential patterns, therefore the number of wildcards is
not supposed to be high. In the frame of CICoS P min-
ing, C3gRo is up to 700 times faster than CCSpan. At
last, C3;Ro has a very low memory usage, contrary to
CM-Clasp that cannot use a low min_sup value, due an
excessive memory usage of the vertical IDLists repre-
sentation.

We can conclude that among CCSpan, CM-Clasp and
C3Ro, C3;Ro is the only sequential pattern mining al-
gorithm able to mine large datasets in a reasonable time,
including with low min_sup values, due to its low mem-
ory usage.
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7.2.2. Impact of the number of wildcards

Let us now focus on the impact of the number of
wildcards on C3;Ro execution time, on the 3 datasets
(Figures 1 and 2). We also propose to study the impact
of the number of wildcards on the size of the set of
mined patterns.

First, we focus on the configuration where the

highest support is used. On the BMS 1 Gazelle dataset,
each additional wildcard increases the execution time
by 2% on average. On the LKosarak and Kosarak
datasets, this increase is higher, on average 7% and
11% respectively.
When focusing on the associated number of mined
patterns, it is unexpectedly slightly impacted. This
small impact may be due to the support value that may
be too high.

Second, we focus on the configuration where the
lowest support is used. In terms of execution time,
unlike in the previous configuration, each wildcard has
a significant impact. Indeed, regardless of the rank
of the wildcard, the impact on the execution time is
about 30% on BMS 1 Gazelle and 100% on Kosarak.
In terms of number of patterns, at the opposite of the
previous configuration, each wildcard allows to mine a
significant additional number of patterns (on average
twice more), whatever is the dataset used.

We can conclude that the impact of the use of one
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wildcard, on both execution time and number of pat-
terns, highly depends on its rank, the minimum support 1ess
value and the dataset characteristics. The largest impact 1es7
is achieved when the lowest support is used. This im-
pact is explained by the large number of additional pat-
terns provided by each wildcard. This result supports
the fact that the number of wildcards is a critical pa-
rameter that greatly impacts the execution time and the
number of mined patterns.
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7.2.3. Scalability

We now propose to evaluate the scalability of C3;Ro,
through the use of various number of sequences in
datasets. We use both LKosarak and Kosarak, which 1ees
have similar characteristics, except the number of 1ss
sequences that is three times smaller in LKosarak.
With the lowest support, which represents the con-
figuration where the execution time and the number 1672
of mined patterns are the highest, C3pRo runs in 22
seconds on LKosarak and in less than 80 seconds on 167
Kosarak (4 times faster on LKosarak). It is worth 1675
noting that CCSpan (which mines the same patterns
than C3pRo) cannot be executed in a decent amount of
time on both datasets, whatever is the minimum support 1677
value used. C3sRo runs 10 times faster on LKosarak 167
(200 seconds) than on Kosarak (2,000 seconds ). We
can say that the use of wildcards only slightly impacts
the scalability of C3Ro. Let us recall that CM-Clasp,
one of the most efficient CloS P mining algorithm,
cannot be executed on any of the three datasets when 1ess
the support is under 5.1072. Nevertheless, C3.Ro
can be executed with a very low memory usage with 1ess
such low supports. These elements highlight the high
scalability of C3;Ro.
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Two more arguments are put forward to illustrate the
scalability of C3Ro:
To the best of our knowledge, no sequential pattern
mining algorithms in the literature can be executed on
both LKosarak and Kosarak, in a decent amount of 1ess
time, when the support is lower than 5.1073. The fact 1s
that C3yRo and C37Ro can be executed in a reasonable
time on Kosarak with such a low support, is a first e
indicator of its scalability.
At last, the configuration of C3Ro used was dedicated 1ess
to the mining of CliCorRo1CyS P, for the sake of 1600
comparison with CCSpan and CM-Clasp. If different 1700
values of A and ¢ are used, the computation time will be
even more lower. We can thus conclude that the mining 17
of Cl;CorRosC,S P does not impact the scalability of 170
C3Ro in terms of execution time.
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To summarize, this first set of experiments has shown

that C3Ro is always significantly faster than CCSpan
and similar to CM-Clasp, when mining closed contigu-
ous or semi-contiguous sequential patterns. Moreover,
the number of wildcards has an impact on the execu-
tion time of C3Ro, with an average increase of 33%
per wildcard on each of the three datasets. On these
three datasets, the use of wildcards only slightly im-
pacts the scalability. Furthermore, this increase in the
execution time was expected due to the large number of
additional patterns mined when using wildcards (40%
for each wildcard) on the three datasets.
This experiment has also shown that C3Ro has a very
low memory usage regardless of the support, the dataset
or the number of wildcards, while the memory usage is
the main flaw of CM-Clasp due to the vertical IDLists
representation.

C3Ro has thus proven to be a scalable algorithm with
a really small execution time on a very large datasets,
such as Kosarak, especially in comparison to CCSpan
and CM-Clasp, thus to closed sequential pattern mining
algorithms.

7.3. Noise resistance of C3Ro and apprehensibility of
the set of patterns

In this section, we show how the extended-closedness
and the robustness constraints that we have introduces
impact the number and the relevance of the patterns
mined in noisy data, especially in a contiguous sequen-
tial pattern mining frame, so the apprehensibility of the
set of patterns.
This experiment is conducted on the Jobs60K dataset,
which contains 60K job offers with an average length of
77.0 on 92,394 distinct items (see Table 9).
In the employment sector, activities are at the core of job
offers. An activity is a coherent set of completed tasks,
organized toward a predefined objective with a result
that can be measured. An activity is usually formalized
by action verbs [1]. In this context, we define activi-
ties as patterns starting with a verb and with a length no
less than 3. We view these characteristics as constraints.
Thus, we set two prefix-monotone constraints: C; as
a pattern having a first item of the verb category (V):
Ci(P) = P[1] € V, and C; on the length of the pattern
that should be no less than 3: C>(P) = len(P) > 2. “In-
form clients by explaining procedures”, “Manage busi-
ness by performing related duties” or “Start operations
by entering commands” are examples of activities. Ex-
perts agree that the length of an activity is never less
than 3 and is on average made up of between 3 and 6
words.
We set a relative support of 15.107#% in order to mine
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Table 11: ClysCo1Ro5Cc,,c,}S P in Jobs60K

id | configuration activities
#1 | CLiCooR\Cic, cy) 352
#2 | CLiCoiR Cyc, cy) 698
#3 | CliCo1Ry5Cc,.cy) 429
#4 | ClosCoiRCic, cy) 601
#5 | ClysCoiRo5C ¢, cy) 384

a significant amount of patterns and perform a relevant
analysis. An experiment conducted in [2] on the same
dataset has shown that k = 1 wildcard is the adequate
number to mine activities. Indeed, when more than one
wildcard are allowed, the patterns mined become too
long (average length above 11) and are therefore often
meaningless.

We will not study the impact of the variation of the val-
ues of ¢ and 4, as it would only give information on the
dataset regarding activities. We set the robustness ra-
tio to 6 = 0.5 and the extended ratio to 4 = 0.8. These
values have been determined experimentally during sev-
eral runs to reduce the impact of the noise on the mined
activities , while preventing at best the mining of irrel-
evant activities in the final set. For example, 6 = 0.5
means that an activity occurring with a wildcard more
than 50% of the cases does not represent a real activity.

Let us first focus on the number of mined activities
according to the parameters of C3Ro (table 11): with
a wildcard (k = 1) or without any (k = 0), with a
robustness ratio (6 = 0.5) and without any (6 = 1), with
an extended ratio (1 = 0.8) or without any (1 = 1). We
refer to the different configurations of C3Ro by using
the id indicated in Table 11. We start by evaluating the
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impact of the use of k¥ = 1 wildcard on the number of 17ss

mined activities by comparing the results of #1 and #2.
#1 mines 352 activities, while #2 mines 698 activities.
The use of one wildcard allows to find 346 additional
activities, which doubles the number of activities. This
increase suggests that the dataset could be noisy and
that the use of a wildcard is relevant. However, this
configuration cannot differentiate activities that are
frequently contiguous, thus that were not mined by #1
due the noise, from the activities that are frequently not
contiguous, thus artificially created by the wildcard.
Thus, this configuration does not give any information
about the relevance of the newly mined activities.

To tackle this issue, #3 mines 429 activities, meaning
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that 269 activities, among the 346 added by #2 are
mined more than half of the cases thanks to the use of
the wildcard. We consider these activities as irrelevant.
The robustness ratio (#3) filters out 78% of the activities
added by #2, while mining 22% more activities than
#1. This last number shows that many activities were
not mined due to the noise in the dataset and that the
0.5-robustness constraint allows to mine part of these
activities in noisy data. These figures confirm that
this web job offers dataset is noisy. Let us notice that,
without the 0.5-robustness constraint, which comes
down to semi-contiguous sequential pattern mining,
none of these 269 activities would have been removed.

When using the extended ratio 4 = 0.8, #4 mines
601 activities. The extended ratio 4 = 0.8 decreases
the number of mined activities in #2 by 14% (97
activities), which are considered as useless as they are
included in another “super-activity” (super-pattern)
with a similar support that is part of the resulting set
of patterns. The extended-closedness constraint allows
to remove more patterns than the traditional closedness
constraint, decreasing the size of the resulting set and
thus increasing its apprehensibility.

When combining § = 0.5 and 4 = 0.8, #5 mines 384
activities, which is 11% lower than the set mined by #3,
without any loss of useful information. Indeed, the use
of the 0.5-robustness only removes semi-contiguous
sequential patterns that are not relevant in activity min-
ing and the 0.8-closedness removes activities included
in other “super-activity” with a similar support (20%
lower at maximum). Therefore, the combination of
both new constraints allows to improve even more the
apprehensibility of the resulting set.

The comparison between the set of mined activities by
#5 and the one mined by #1 shows that 280 activities are
common to both sets. We now focus on the evaluation
of the relevancy of the activities specific to each set.
The 72 remaining activities of the set mined by #1
were assessed by an expert of the field, who concluded
that more than 50% of these 72 activities are either
irrelevant or redundant. At the opposite, the analysis,
by the same expert, of the 104 activities specific to #5,
highlighted that only 10% of these activities are either
irrelevant or redundant. This analysis confirms that
0.8-closed 1-contiguous 0.5-robust sequential patterns
allow to reduce the final set of patterns by removing
useless patterns, while increasing the relevance of the
patterns mined. In a nutshell, #5 allows to mine around
20% more relevant activities than #1 in noisy data,
while only increasing by 9% the resulting set size and
thus improve the apprehensibility in the mining of
activities.
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To conclude, this experiment shows that the use of
the two newly introduced constraints (robustness and
extended-closed) is a lever to improve the apprehensi-
bility of the results, with no impact on the execution
time. In addition, the use of these new constraints in
C3Ro is flexible through the use of a robustness and an
extended ratios allowing C3Ro to be adjustable to the
final user needs.

C3Ro is thus an answer to the first scientific question:
How to efficiently mine an apprehensible set of sequen-
tial patterns, including the frame of noisy data?

7.4. Expert feedback

The mining of activities in job offers is a key com-
ponent of the job market’s analysis. Indeed, the mined
activities provide a relevant picture of the needs of com-
panies, which is essential in many areas such as consult-
ing, recruitment and training. In consulting, it provides
relevant factual elements to support companies in ex-
pressing their own needs in terms of recruitment.

Table 12 illustrates how the use of C3Ro significantly
improves the set of mined activities in Jobs60K. The
activity “managing sales teams” is no longer mined with
C3Ro as it is included in the activity “managing sales
teams effectively”, which is 12% more frequent. In that
pattern, the word “‘effectively” is as important as the rest
of the activity. This fact has been validated by a HR ex-
pert. In addition, C3Ro discovers a new activity “man-
aging sales teams distribution channels”, which was not
frequent with traditional algorithms, and is now discov-
ered thanks to the use of the two new constraints. This
activity has also been validated by the HR expert. More
generally, the set of mined activities is more apprehen-
sible. Not only its size is decreased but the information
it contains is more valuable.

8. Conclusion

While sequential pattern mining has been widely
studied for many years, it still faces several challenges.
First, many studies have focused on increasing the ef-
ficiency of the mining process and on decreasing the
size of the set of patterns, but mining large databases re-
mains a challenge. Second, although noise is a common
feature in real-world databases, it has not faced much
interest in the pattern mining literature. Third, the re-
duction of the size of the set of patterns is often at the
expense of an uncontrolled loss of information, which
may make the set of patterns useless, especially when it
is intended to practitioners.
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This paper aimed at proposing a sequential pattern min-
ing algorithm that addresses these three challenges. It is
designed to mine large and noisy databases, while dis-
covering an apprehensible set of patterns, i.e. a set of
patterns of reduced size, with a controlled information
loss.

To reach this goal, we introduced two new con-

straints, namely the robustness constraint that allows
the mining of contiguous sequential patterns in noisy
data and the extended-closedness constraint, which
represents a trade-off between the full information ex-
tracted with the closedness constraint and the reduced
set mined with the maximal constraint. In addition,
we proposed a generic algorithm C3Ro, based on
the pattern-growth philosophy that manages several
parameters. These parameters have been chosen to
mine a large range of patterns: going from closed
contiguous sequential patterns to maximal regular
sequential patterns. C3Ro is thus thought to be the
single pattern mining algorithm that can fit the final
users’ specific needs, whatever they are, thanks to these
parameters.
The experiments we conducted showed that C3Ro is
scalable with a very low memory usage compared to
well-known algorithms such as CCSpan and CM-Clasp.
An expert has validated that the use of the two new
constraints allows to mine more relevant patterns
compared to the use of the standard contiguity or
closedness constraints in noisy data.

Based on this work, we intend to work on four future
directions. First, although C3Ro is designed for practi-
tioners’ use, the required parameters need to be fixed by
these practitioners, especially those associated to both
constraints (6 and A). Their optimal value can only be
found by iteratively running C3Ro. We would like to
work on the automatic determination of these values, at
least of a limited range of possible values. It will rely
on an analysis of the type and amount on noise in data.
Limiting this possible range of values will be of high
utility for practitioners.

Second, still with the objective of satisfying practition-
ers, we plan to focus on new quality criteria. Indeed,
support is the traditionally used as the evaluation cri-
terion, but unexpectedness, periodicity, coherence, etc.
also deserve to be studied for mining patterns that may
fit better practitioners’ expectations.

Third, we intend to focus on noise, especially on study-
ing the precise position of noise within patterns (in what
places does noise occur). Not only the identification of
this noise will help quantify and qualify it, but its man-
agement will contribute to represent patterns more pre-
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cisely and thus increase even more the impact of both
new constraints on apprehensibility.

Last, we will use the output of the third goal as a first
base to study pattern drift. We view the management
of the position of noise as a possibility to differentiate
between noise and new forms of patterns (loss, substi-
tution or addition of items in existing patterns). This last
goal is of high utility for many real-world applications,
as it is common that data evolve and this evolution has
to be managed.
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Table 4: Abbreviations

abbreviations | type of patterns

SP Sequential Pattern

CISP Closed Sequential Pattern

CoSP Contiguous Sequential Pattern

CICoS P Closed Contiguous Sequential Pattern

CIlCorRsS P Closed k-Contiguous 6-Robust Sequential Pattern
Cl,CorSP A-Closed k-Contiguous Sequential Pattern
CLiCorRsC; Cl,CorRs with a set of Constraints ¢

Table 5: Type of sequential patterns mined in the Noise database

type of patterns

patterns

CoSP

(dear) : 3,(dear, Watson) : 2,{Elementary) : 5, (Elementary, my) : 5,
(Elementary, my, dear) : 3, (Elementary, my, dear, Watson) : 2,
(my) : 5, (my, dear) : 3,(my, dear, Watson) : 2

ClCoS P (Elementary, my) : 5, (Elementary, my, dear) : 3,
(Elementary, my, dear, Watson) : 2,{Watson) : 5

ClCo;SP (Elementary, my) : 5,(Elementary, my, dear, Watson) : 3,
(Elementary, my, Watson) : 4,{Watson) : 5

CICo\Ry6S P (Elementary, my) : 5,{Elementary, my, dear, Watson) : 5,{Watson) : 5

Cl(),GCO 1 R0A6S P

(Elementary, my,dear, Watson) : 3

Table 8: Types of frequent sequential patterns in S DB

type of patterns | patterns
Co {a} : 3, {a}{b} : 2, {aHb}H{c} : 2, {b} : 3, {b}{c} : 3, {bHcHd} : 2, {c}: 3,
{cHd}:2,{d}:2
Co1Rog {a} : 3, {a}{D} : 3, {aHbHc} : 3, {aH{D}cHd} : 3, {b} : 3, {bHc} : 3,
{bHcHd} - 2, {c} : 3.{c}{d} : 2,{d} : 2
ClCo {al{b}H{c} : 2, {b}{c} : 3, {b}{c}{d} : 2
ClCoy {al{b}{c} : 3, {al{bHcHd} : 2, {b}{b} : 2
ClCoiRy s {a}{bHc} : 3, {a{bHcHd} : 2
ClyesCo1Ro6 {a}{bHcHd} : 2
Table 9: Datasets characteristics
dataset #seq. | #items | avg.len. | max.len. | std.dev.len.
BMS 1 Gazelle 59,601 499 6.0 535 9.7
LKosarak 305,281 | 32,138 8.1 2,498 23.6
Kosarak 990,002 | 41,270 8.1 2,498 23.7
Jobs60K 60,000 | 92,394 77.0 1,667 56.8
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Table 10: Memory usage on the three datasets w.r.t min_sup (MB)

dataset Minsupp(%) | FI CCSpan | CM-Clasp | C3pRo | C34Ro
BMS'1 Gazelle || 0.05 4 250 4,200 <50 <50
0.005 150 250 4,500 200 200
0.0005 374 300 - 200 250
LKosarak 0.05 10 - 5,000 500 500
0.005 158 - 6,700 500 500
0.0005 2303 - - 550 550
Kosarak 0.05 10 - 10,600 | 1,200 1,200
0.005 156 - 10,600 | 1,200 1,200
0.0005 2297 - - | 1,300 1,300

Table 12: mined activities with or without C3Ro in Jobs60K

activity id | configuration | activities absolute support
#1 without C3Ro | managing sales teams 1712
#2 without C3Ro | managing sales teams effectively 1352
#2 with C3Ro managing sales teams effectively 1536
#3 with C3Ro managing sales teams distribution channels 384
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