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ABSTRACT

Closed sequential pattern (CSP) mining is an optimization technique in sequential pattern mining
because they produce more compact representations. Additionally, the runtime and memory usage
required for mining CSPs is much lower than the sequential pattern mining. This task has fascinated
numerous researchers. In this study, we propose a novel approach for closed clickstream pattern
mining using C-List (CCPC) data structure. Closed clickstream pattern mining is a more specific task of
CSP mining that has been lacking in research investment; nevertheless, it has promising applications
in various fields. CCPC consists of two key steps: It initially builds the SPPC-tree and the C-List for each
frequent 1-pattern and then determines all frequently closed clickstream 1-patterns; next, it
constructs the C-List for each frequent k-pattern and mines the remaining frequently closed k-patterns.
The proposed method is optimized by modifying the SPPC-tree structure and a new property is added
into each node element in both the SPPC-tree and C-Lists to quickly prune nonclosed clickstream.
Experimental results conducted on several datasets show that the proposed method is better than the
previous techniques and improves the runtime and memory usage in most cases, especially when using
low minimum support thresholds on the huge databases.



Introduction

The explosion of big data technologies has led to a large volume of user’s data that is archived.
Analyzing the user’s data helps the manager or the system to predict the user’s interests and future
actions. For this purpose, sequential pattern mining is one of the essential methods. It has a broad field
in data science and applications in many sectors, such as shop analysis (Valle, Ruz, and Morrids 2018;
Moodley et al. 2019; Astrova, Koschel, and Lee 2020), web-based analysis (Danilowicz et al. 2000;
Nguyen 2000, 2002; Nguyen and Sobecki 2003; Hagen and Stein 2018; Prakash and Jaya 2020),
prediction (Fabra, Alvarez, and Ezpeleta 2020; Soui et al. 2020; Yan et al. 2021), and bioinformatics
analysis (Asite and Aleksejeva 2019; Aberra et al. 2020; Shihab, Dawood, and Kashmar 2020). Its main
goal is to identify recurrent patterns in any kind of data: images, transactions, sequences of figures. It
can detect specific medical issues, customer habits, or characteristic user actions.

Sequential pattern mining can generate an exponential huge of patterns so it takes the high
computational cost on the database that contains long sequences or on a huge database. Discarding
useless or weak patterns by compressing the mined patterns is necessary in order to reduce the
runtime overhead and increase speed. Maximal frequent pattern mining, frequent closed pattern
mining, and top-k frequent pattern mining (Han et al. 2007) are the nonredundant pattern mining
methods that are often used. We can achieve a better compression runtime with the top-k frequent
pattern methods and the maximal frequent pattern. However, there are chances that information may
not be intact for both kinds of methods. Therefore, closed sequential pattern (CSP) mining is a better
solution to mine nonredundant patterns. If a pattern does not have a superpattern with the same
support, the pattern is considered as a closed pattern.

Although many algorithms have been proposed recently, such as BIDE (Bl-Directional Extension) (Wang
and Han 2004), CloSpan (Closed Sequential pattern mining) (Yan, Han, and Afshar 2003), ClaSP (Closed
Sequential Patterns algorithm) (Gomariz et al. 2003), CM-ClaSP (Cooccurrence MAP Closed Sequential
Patterns algorithm) (Fournier-Viger et al. 2014), CloFAST (Closed FAST sequence mining algorithm
based on sparse id-lists) (Fumarola et al. 2016), CloFS-DBV (Closed Frequent Sequences use Dynamic
Bit Vectors) (Tran, Le, and Vo 2015), pDBV-FCSP (parallel Dynamic Bit Vectors Frequent Closed
Sequential Patterns) (Huynh, Vo, and Snasel 2017), FCloSM (Frequent Closed Sequence Mining) (Le et
al. 2017), TKCS (Top-K Closed Sequences) (Pham et al. 2020), and NetNCSP (Nettree for
Nonoverlapping Closed Sequential Pattern) (Wu et al. 2020), but their perform is not good when
execution on huge databases.

In this study, we propose a novel approach for closed clickstream pattern mining using C-List (CCPC), a
special variety of CSP mining. CCPC is a hybrid method relying on C-List, an extension of the B-List data
structure (Bui et al. 2018). The experimental results on many databases have exhibited that CCPC was
more effective than the recent state-of-the-art algorithms, such as FCloSM (Le et al. 2017), CloFAST
(Fumarola et al. 2016), CM-ClaSP (Fournier-Viger et al. 2014), and CloSpan (Yan, Han, and Afshar 2003),
concerning runtime, particularly on a huge database with very small minimum support thresholds. Our
contribution is briefly as follows:

. Propose a C-List data structure for efficient mining closed clickstream patterns.

. Propose the CCPC algorithm for mining closed clickstream patterns on various databases.

. Early perform closure checking mechanism to discarding redundant or nonclosed patterns
based on C-List.

. Evaluate the proposed algorithm through many real-life test databases.

The study is structured as follows. In the section “Related Works,” we describe the foundational
concepts and the problem. The section “Preliminaries and Problem Definition” elaborates on some



related problems. The C-List structure and an effective CCPC algorithm for mining clickstream patterns
are developed in the section “Proposed Algorithms”. The proposed CCPC algorithm is compared to
other related methods in the section “Experimental Evaluation”. The conclusions and future
development trends in this area are presented in the last section.

Related Works

Closed sequential pattern mining is a promising solution in sequential pattern mining, a core task of
data mining, with many different applications in wide sectors. Instead of mining a set of completed
patterns, closed pattern mining identifies a set of compact patterns, from which the information can
fully be extracted. Especially, with the huge databases or low minimum support thresholds, the CSP is
an efficient method. Several proposed approaches for CSP have existed, such as CloSpan (Yan, Han,
and Afshar 2003), BIDE (Wang and Han 2004), ClaSP (Gomariz et al. 2003), CM-ClaSP (Fournier-Viger
et al. 2014), CloFAST (Fumarola et al. 2016), CloFS-DBV (Tran, Le, and Vo 2015), pDBV-FCSP (Huynh,
Vo, and Smsel 2017), FCloSM (Le et al. 2017), TKCS (Pham et al. 2020), and NetNCSP (Wu et al. 2020),
but their performance on huge databases is still lacking. CloSpan consumes high memory usage and
large search space because it used candidate maintenance-and-test paradigm and the equivalence
classes for the projected pattern. A strict depth-first search order is used in BIDE to produce the CSPs.
Additionally, any historical frequent CSP is not kept to check for a new pattern’s closure. This approach
uses a pseudoprojection technique to reduce storage space; however, it is inefficient because it has to
iterate the database multiple times for each prefix. ClaSP uses a vertical database scheme and a
heuristic to eliminate nonclosed patterns. However, the technique has to maintain a set of candidates
to perform pattern closure checking and discard the nonclosed patterns. This process has a more
memory footprint and suffers the problem of the candidate explosion. CM-ClaSP uses the data
structure named CMAP to store the necessary information of pattern with one database scan and
based on the CMAP structure to pruning nonclosed patterns. Although this method is cut down the
search space and candidates, it still spends much time to assess several candidates that do not exist.
Dynamic bit vector (DBV) structure and a vertical data scheme are exploited in CloFS-DBV to quickly
determine the support value of candidates based on bits. However, this method also generates several
redundant patterns in the mining process. CIoFAST uses sparse id-lists and vertical id-lists for mining
closed frequent sequences. First, it finds all closed frequent patterns 1-sequence. Then, new k-
sequences are produced by directly working on the sequences, without mining additional frequent
itemsets. pDBV-FCSP is proposed a different approach for mining closed patterns, and it also uses DBV
structure to find all CSPs by applying the multicore architecture to improve the performance cost.
FCloSM uses CMAP (Fournier-Viger et al. 2014) (cooccurrence map) which stores coexisting
information to early eliminate child branches that have no frequent patterns. The algorithm also
introduced new pruning terms called extended premature removal (3E) and an early pruning technique
called EPCLO and LPCLO to eliminate nonclosed pattern at the next two levels. NetNCSP is based on
the Nettree structure for mining Nonoverlapping Closed Sequential Pattern. To compute the
nonoverlapping support count of a pattern on the Nettree and envisage the occurrence and proximity
of the patterns before the production of the candidate patterns, the algorithm adopts a backtracking
strategy.

TKCS is suggested to mine top-k closed sequence patterns using a vertical bitmap and adopting some
useful strategies. The TKCS algorithm produces candidates by choosing a sequential pattern that has
the highest support value and customizing the sequential pattern that has the minimum support value
in the list of top-k.



Besides, some of the methods related to the sequential pattern were proposed recently to reduce the
storage space and performance cost; for example, ISP-IC (Inter-Sequence Pattern with Item Constraint
mining) (Le et al. 2018) uses the DBV structure for mining intersequence patterns with item constraints,
MCM-SPADE (Multiple threads CM-SPADE) (Huynh et al. 2018) is used CMAP data structure to store
the necessary information on the item and applying multiple threads technique for SPM with a very
large database, CM-WSPADE (Huynh, Nguyen, Vo, Nguyen, et al. 2020) is an extended version of CM-
SPADE (Fournier-Viger et al. 2014) algorithm, for mining frequent weighted clickstream patterns based
on WIBList data structure and WCMAP (Weighted Cooccurrence MAP) with a pruning heuristic that is
cohesive with the average weight, CUP (Clickstream pattern mining Using Pseudo-IDList) (Huynh,
Nguyen, Vo, Yun, et al. 2020) uses pseudo-IDList data structure for clickstream pattern mining and
reduces candidates by using DUB (Dynamic intersection Upper Bound constraint), a pruning heuristic.

However, the computational cost of these techniques is large because of the vast search space.
Therefore, it remains a significant challenge, especially for huge sequence databases due to the high
cardinality of the events and the long sequences.

Preliminaries and Problem Definition

Let E = {es, ey ..., em} be a set of m unique events in the same category. Asubsetof L ={u;, uy, ...,
uk} is called an itemset, where U; € E, i € [1, k]). A clickstream is a list of ordered itemset and denoted
by C=<cy, Cy..., Cn >, Where ci€ E, i € [1, n] is an event. The length of the clickstream is the number
of events it contains. In the other words, a clickstream with length k has k events and is denoted by k-
clickstream. For example, a clickstream C =<a, ¢, b, a, b > is a 5-clickstream with three distinct events
{a, b, c}, where event a exists in the position 1 and 4, and similarly, event b appears at the position 3
and 5 in clickstream C.

A clickstream Co =< a1, Q2,..., Oy > is @ subclickstream of another clickstream Cg =< B4, B2, —, Bv >,
denoted by C, C Cg, if there exist integers 1 < i1 < i, < ...<iy < v that ok = Bi, Yk € [1,u]. Cp is also called
a superclickstream of C,,.

A user clickstream is defined as the sequence of actions taken by the user through a Web site, and it
consists of a series of ordered events triggered by user interactions.

A clickstream database, denoted by CDB, is a set of clickstream sequences. Each clickstream sequence
is paired with a unique identification cid, if a clickstream sequence is a subclickstream of at least one
or more user clickstreams in CDB, it is a clickstream pattern.

€(P), which denotes the support count of a clickstream P, is the number of user clickstreams in CDB
that containing clickstream of P, that is, €(P) = |{Ci € CDBj P CCi}|.

Table 1 is an illustration of a clickstream database, the user clickstream (b, e, f, c, f, b) has cid = 200,
and (a, ¢, b) is a clickstream pattern.

A clickstream pattern P is frequent if and only if €(P) > 8, where & is the minimum support value defined
by users. If P is frequent and does not have any superpattern with the same support, P is a closed
clickstream pattern, that is, there does not exist Q such that P < Q and €(P) = €(Q). The task of the
closed clickstream pattern mining problem is uncovering all closed clickstream patterns in CDB.



Table 1. A clickstream sequence database.

Clickstream id User clickstream
100 acb ab

200 befcfb
300 a¢cdfa a
400 a ¢ b d

For example, with the clickstream database in Table 1 and threshold & = 0.3%, the number of
clickstream patterns is 17 while the number of closed clickstream patterns is only 10. When we
decrease the threshold 6 = 0.1%, the number of clickstream sequential patterns explodes to 116
patterns, but the number of closed clickstream patterns is only 27. So, mining closed clickstream
patterns is a good model because it saving much computation cost.

Proposed Algorithms

The original B-List (Bui et al. 2018) does not support a way to optimize performance for closed
clickstream pattern mining. It can use a normal way to determine closed clickstream patterns by
checking if any pattern has a superpattern or a subpattern in the frequent pattern set. If it is either a
superpattern or a subpattern, then the pattern is not closed. However, the process would be slow.

In this section, we depict the idea and the flow of our proposed CCPC method. CCPC is a mixed method
for mining closed clickstream sequential patterns. The CCPC algorithm includes the following main
steps:

o Identify all frequent clickstream 1-patterns and build SPPC-tree.
. Construct a C-List for each frequent clickstream 1-pattern based on SPPC-tree.
. Discover the rest of the frequent closed clickstream k-patterns (k > 1).

The specifications of the approach are presented in the section “C-List ”.
SPPC-Tree

SPPC-tree is developed from PPC-tree (Deng 2016). Each node in the tree consists of the following
fields:

o Count is the number of sequences sharing a common path from the root to the current
node.

. First-child is a list of the first children (i.e., the direct nodes that are expanded from the
current node).

. First-father is the first previous node that is reached from the root node.

. Right-sibling is the first next node with the same level as the current node.

. Label-sibling is a list of nodes with the same item-name. The list includes nodes that may
exist in different branches of the tree.

. Precode is a preorder number assigned by the preorder traversal of the tree.

. Postcode is a postorder number assigned by the postorder traversal of the tree.



SPPC-tree is a compressed database that is made from the horizontal database; however, the sequence
id information is lost during the conversion. Thus, one important optimization “SID count optimization”
cannot be applied directly to CCPC because CCPC does not keep track of clickstream sequence cid
during its process. To make it work, we need to add an element into the node elements in SPPC-tree
and C-Lists. The new node structure has an additional element:

e Sum-id: It is mainly used for “SID count optimization”.

Each node in SPPC-tree or C-List can be represented in a form of (precode, postcode, count, sum-id).
The SPPC-tree can be built according to Algorithm 1 as follows.

Algorithm 1. Building SPPC-tree.

Input: User clickstream database CDB and minimum support threshold o
Output: An SPPC-tree and a set of frequent 1-pattern F,

1. Identify a set of frequent 1-pattern F, and infrequent Il-pattern F,’
in CDB

2. Let CDB’ be the database that has been removed all infrequent 1-pat-
terns in F,’

3. Create an SPPC-tree T with a root node Ny

4, Np < null

5. For each clickstream seq in CDB’

6. N; — Np

74 For each event e in seq do

8. if N, has any direct child C such as C.event-name = e.event-name
o C.count — C.count + 1
10. C.sum-id «— C.sum-id + seq.cid

11. else

12, Create a new node C with default value

13 C.count «— 1

14. C.sum-id « seq.cid

15. Add C to N children list

16. Ny« C

17. Traverse the SPPC-tree with preorder and postorder traversals to cre-
ate the preorder and the postorder values for each node.

18. return SPPC-tree T

The algorithm first scans the clickstream database, finds all the clickstream patterns with a size of 1,
and stores them into a new database CBD’ (lines 1 and 2). Next, the SPPC-tree is built by the following
steps. An empty node is created as the root node (line 3) at the beginning. Each event in a user
clickstream is assigned with a new node and appended to the tree in the same order as they are in the
user clickstream. The first event of the user clickstream is appended to the root, the second is
appended to the first node, and so on. If a node has existed in the tree, it updates its node information
by increasing the count and sum-id values (lines 8-10). Otherwise, a new child node appends to the
tree (lines 12-15). After that, we traverse the tree using a depth-first search technique with preorder
and postorder to generate the precode and the postcode values for each node.



For example, with the clickstream database CDB in Table 1 and & = 0.5%, the absolute value of § is 2,
and all the frequent 1-patterns are first discovered by scanning CDB. The final setis C; ={a, b, ¢, d, f
and newly clickstream database as in Table 2 was created after all infrequent items are removed.

Afterward, the steps of constructed SPPC-tree from Table 2 are done as follows.

Step 1. Add user clickstream 100 = (a, c, b, a, b) into the SPPC-tree, and we have the following branch.

root a(-, -, 1,100) c{-, -, 1, 100} b{-, -, 1, 100)

a(-, -, 1, 100) b(- -, 1, 100)

Table 2. The clickstream database after removing all infrequent 1-patterns.

CID User clickstream
100 ac b ab

200 bfcfb

300 acdfa a
400 acb, d

Step 2. Add user clickstream 200 = (b, f, c, f, b) into the SPPC-tree, because the user clickstream 200
does not start with the same start event as the user clickstream 100. Thus, we create a new branch
and add each event in this user clickstream into the tree (like what we did to the user clickstream 100).

root b(- -, 1, 200) f(-, -, 1, 200) c(-, - 1, 200) (-, - 1, 200) b(- -, 1, 200)
a(-, - 1,100) c(- -, 1, 100) b(- - 1, 100) a(-, -, 1, 100) b(- -, 1, 100)

Step 3. Add user clickstream 300 = (a, ¢, d, f, a, a) into the SPPC-tree. The sequence (a, c) has existed
in the tree when added the user clickstream 100, so the count and sum-id of each same node are
increased. The process for the rest of the events in the user clickstream is the same as adding new
events to the tree.

Root  b(--1,200)  f(-- 1,200 (1,20  f{-1,20) bl - 1,200
al- - 2,400) (- - 2,400) d(--1,300) f(-1,300) al-1,300) al - 1,300)
b(- -, 1,100)  al-- 1,100)  b(- - 1, 100)

Step 4. Add user clickstream 400 = (a, ¢, b, d ) into the SPPC-tree, and this process is the same as
previous steps.

Root  b(--1,200)  f(-,- 1,200)  ¢(--1,200)  f(-,-1,200)  b{, - 1,200)
al- -, 3,800) c(-- 3 80) d--1,300) f(--1,300 a--1,300) al- 1,300
b(- -, 2,500)  d(- - 1,400)
al--1,100)  b(- - 1,100)

Finally, the SPPC-tree is built as shown in Figure 1



Step 5. Adding precode to the SPPC-tree. Precode ranks are assigned by preorder traversal as shown
in Figure 2.

Step 6. Adding postcode into the SPPC-tree. Postcode ranks are assigned by postorder traversal as
shown in Figure 3.

C-List

Each node in a C-List has the same structure as SPPC-tree in a form of (precode, postcode, count, sum-
id). The prefix-path that is formed by walking from the root to the node in SPPC-tree is considered a
shared prefix of user clickstreams starting from first event to the current event of the node. The count
in each node is the number of user clickstreams that share the prefix. The sum-id is the sum of all
clickstream sequence ids of user clickstreams that share the same prefix-path. A pattern also has an
added element sum-id that is attached. Thus, we create a structure called a pattern with two elements:
event-name and sum-id.
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Figure 1. Building the initial SPPC-tree from Table 2.
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Figure 2. The SPPC-tree after adding precodes.
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Figure 3. The SPPC-tree after adding postcodes.
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Algorithm 2 is shown the process of constructing the C-List for clickstream 1-pattern from SPPC-tree.

Algorithm 2. Constructing C-Lists for all frequent 1-patterns from SPPC-tree.

Input: An SPPC-tree T and the set of frequent 1-pattern F;
Output: All C-Lists for frequent 1-pattern in F;

1. For each frequent 1-pattern p in F; do
2. Create an empty C-List clist
3. For each node N, in T by traversing in preorder (root-left-right) do
+. if p.event-name — N.event-name then
5. if clist is empty then
6. Nhighest — N;
7. p.sum-id < Np.sum-id
8. else
9. if NOT (Nhighesr-precode < Nyprecode AND Npjgp.-postcode >
N .postcode) then
10. Nhighest — N;
11. p.sum-id < p.sum-id + Ny.sum-id
12. Add N; to clist

13. return SPPC-tree T

Initially, Algorithm 2 will create an empty C-List for each clickstream 1-pattern in F; (lines 1-2), and
then it traverses the SPPC-tree in preorder for each node (line 3). If a clickstream pattern existed in
SPPC-tree and the C-List is still empty, then add the node to C-List as the highest node (lines 4-7). In
contrast, the algorithm has to check the precode and postcode of the current node compared to the
highest node in C-List; if it satisfies, then assign this is the highest node to C-List and update the sum-
id value (lines 9-12).

We only add the sum-id of the first common father node. Because the common father node contains
duplicate information regarding count and sum-id. As mentioned above, the prefix-path from root to
the common father is always a subsequence of any prefix-path from the root to any other node that
includes the common father node. For example, let X = (root, a, c), Y = (root, a, ¢, b, a), and Z = (root,
a, ¢, d, f, a) be prefix-paths from the example SPPC-tree, then the first (a) node in X is the common
father node and the second (a) node in Y and Z is the descendant node. The common father (a) has a
count value of 3 while the other two (a) only have a count value of 1. It means there are three user
clickstreams (100, 300, and 400) that have the same prefix-path R1 from root to the first (a), while only
one user clickstream has the prefix-paths R, (user clickstream 400) and R3 (user clickstream 300) from
root to the second (a) in the other two nodes. This also implies that:

. One of three user clickstreams that share R1 is the same as the clickstream that has R2 or
R3.
o We cannot accumulate count or sum-id of all three (a) nodes, but only the first (a) node

(which is the common father node).



Let X be a pattern. The support count of X = sum of count of all last node in setX where setx={Y | ¥
prefix-path Y in SPPC-tree: (X is a subsequence of Y) AND (last item of X = last item of Y)}. Similarly, The
sum-id of X = sum of all sum-id of setx.

Let clistl and clist2 be the C-Lists of two k-frequent sequences P1 =<1, i2,..., ik_1,x>and P2 =<y, iy,...,
i-1,y >, P1 and P;share the same (k-1) prefix, and the C-List of (k + 1)-sequence P; =< iy, ..., ik-1, X,y > is
created by the procedure in Algorithm 3. Otherwise, Algorithm 3 only works between two frequent
clickstream k-patterns that share (k _ 1) prefix. A special case is that frequent 1-patterns are considered
sharing an empty prefix. Algorithm 3 shows the process of constructing C-Lists for frequent clickstream
k-patterns.

Algorithm 3. Constructing C-Lists for frequent clickstream k-patterns.

Input: Two patterns P, and P, that share the same (k-1)-prefix (k> 2)
and their C-Lists clist; and clist,
Output: C-List clist; for the candidate pattern P;

1. index, < 1; index; « 1

2. clisty «— [}

3. While index; < length of clist; AND index, < length of clist, do

4. N; « the node at index; in clist

5. N, «— the node at index; in clist,

6. if Ny.precode < Nj.precode AND Nj.postcode > N,.postcode then

7. if ¢list3 is empty then

8. Ps.sum-id « N,.sum-id

9. L'\'fhr‘ghmt — N,

10. else if NOT(Npjghesr-precode << Nj.precode AND Nyjgpespostcode
> Nj.postcode) then

11. Ps.sum-id < Py.sum-id + N,.sum-id

12. Nhighest — N

13. Add N, to clisty

14. index; «— index; + 1

15. index, «— index, + 1

16. else if Ny.precode > N,.precode then

17. index, «— index; + 1

18. else if Ny.precode < N,.precode then

19. index, «— index; + 1

20. return clists

The mining process of closed clickstream patterns in Algorithm 4 can be described briefly as follows.
First, the algorithm finds all closed clickstream 1-patterns from SPPC-tree T; and C-List C; (line 3). Next,
it performs an expansion for k-pattern by the recursive procedure (line 4). With two patterns Pu and
Py in Ci that have the same (k-1) prefix, a new pattern P, and the C-List of that pattern are created
(lines 7-11), and then the algorithm calculates the support counts of the new pattern (line 9). If the
new pattern is satisfying the threshold, it is put into C¢ and T (line 12) and then we apply the closure
property check to determine whether the pattern is closed (line 14). The closed pattern is added to
the result and the process continues for (k + 1-pattern (line 16). Algorithm 4 illustrates the processing
of CCPC by pseudocodes.



Algorithm 4. Mining closed clickstream patterns.

Input: User clickstream database CDB, the minimum support threshold o
Output: A complete set of all closed clickstream sequential patterns CP
that exists in the database

Build T; <+ SPPC-tree (Call Alg.1)
Initial C; « C-List (Call Alg. 2)
Call mining_Closed (C;, T))

4. CP — ()

5. Procedure: mining Closed (Cy, Ty)
6. Initial Crry 0, Tyt —0

7. for each pattern P, in Ty do

W N -

8. for each pattern P, in Tj do

9. clist, < the C-List of P, in Cy

10. clist, < the C-List of P, in Cy

LY, Create P, and clist, from P,, P,, clist,, and clist, (Call Alg.3)
12, if &(P;) > O then

13. Cis1 — CrU clisty Tyiy— Pz U Ty

14. if(isClosed(P,)) then

15. CP— CPUP,

16. end if

17. end if

18. end for
19. Call mining_Closed(Ck+1, Tk+1)
20. end for

21. end procedure

Experimental Evaluation

This section evaluates the effectiveness of the CCPC algorithm, and it is compared with CIoFAST, CM-
ClaSP, CloSpan, and FCloSM. The experiments were performed on a personal computer equipped with
Intel Core i5-7200U CPU 2.5-GHz, 8 GB of RAM, Windows 10 Pro 64 bit and used Java language
programming with JDK 13.0.2. The information of databases is shown in Table 3.

The experimental results exhibit that CCPC is better than other algorithms in most cases. Especially,
we can see the improvement when comparing the CCPC algorithm with FCloSM1, an efficient algorithm
for mining frequent CSP recently. The CCPC algorithm can be executed with a very small minsup
threshold while the other methods are of high computation cost or could not be executed. All the chart
visuals in this section are using the logarithmic scale base 10.

Runtime

Figures 4-9 show the runtimes of the CCPC algorithm and CloFAST, CM-ClaSP, CloSpan, and FCloSM
algorithms for mining CSPs. The experimental results confirmed that the runtime of the CCPC algorithm
is much better than other algorithms on all the databases and with various 8.



Table 3. Databases used in experiments?.

Database #sequences  ffitems Comment
BIBLE 36,369 13,905 This dataset is a conversion of the Bible into a sequence database
FIFA 20,450 2,990 Clickstream data from the Web site of FIFA World Cup 98
Kosarak 990,002 41,270  Clickstream data of a Hungarian online news portal
(source: http://fimi.uantwerpen.be/data/. . .. .. ... )
MSNBC 989,818 17  Clickstream data from the MSNBC Web site
Chainstore 1,112,949 46,086 Customer transactions from a major grocery store chain in California, USA
KDDCup99 1,000,000 135 Clickstream data from the KDD-CUP 1999

https://archive.ics.uci.edu/ml/datasets/KDD+Cup+1999+Data

ahttp://www.philippe-fournier-viger.com/spmf/index.php?link=datasets.php
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Figure 4. Runtime for exploiting FSP in the BIBLE database.
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Figure 5. Runtime for exploiting FSP in the FIFA database.

Especially, when we set up a small  and there is a large sequence database with many items, the CCPC
algorithm is still worked fine while some of the algorithms cannot be executed.

In more detail, with the BIBLE database as shown in Figure 4 and d = 0.05%, the runtime of the CCPC
algorithm is faster than the ClIoFAST, CM-ClaSP, CloSpan, and FCloSM algorithms having 10.3, 1.62, 3.2,

and 2.4 runtimes, respectively.
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Figure 6. Runtime for exploiting FSP in the Kosarak database.
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Figure 7. Runtime for exploiting FSP in the MSNBC database.
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Figure 8. Runtime for exploiting FSP in the Chainstore database.

When § is decreased to 0.01%, the gaps between runtime of the CCPC algorithm and the CloFAST,
CM-ClaSP, and CloSpan algorithms increase to 18.5, 3.6, and 5.7 times, respectively.
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Figure 9. Runtime for exploiting FSP in the KDDCup99 database.
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Figure 10. Memory usage for exploiting FSP in the BIBLE database.

Meanwhile, the FCloSM algorithm cannot be executed due to insufficient memory. Therefore, the
marker point does not exist in the chart at that point.



With the FIFA database as shown in Figure 5, the CCPC algorithm is also faster than other algorithms.
Although the CCPC algorithm is not faster than all others at the early § values, CCPC is better than all

other algorithms when 6 < 0.2%. Especially, the CM-ClaSP and FCloSM algorithms cannot be executed
at the 6 = 0.1% on this database.

Figure 6 shows the runtime of the CCPC algorithm is many times faster than CloFAST and CloSpan on
all thresholds on the Kosarak database. Especially, the FCloSM cannot be executed with any é value
and this is a unique case that the CCPC algorithm is not faster than the CM-ClaSP algorithm.

Similar to the MSNBC database, Figure 7 shows that the runtime of the CCPC algorithm is always
faster than the other algorithms. The CloSpan algorithm cannot be executed at any 4 value on this
database.
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Figure 11. Memory usage for exploiting FSP in the FIFA database.

Same as previous experiments, Figures 8-9 show that the runtime of the CCPC algorithm is the best,
and it gradually increases while the other algorithms cannot be executed on the Chainstore database.

The CIoFAST and FCloSM algorithms are only executed with two d values 0.7% and 0.6% on the
KDDCup99 database. Meanwhile, the CCPC can run with a smaller value of 6 < 0.6%.

Memory Usage

Similar to runtime, the memory usage of CCPC is not lower than some algorithm at the early stage;
however, with a low value of 5, the memory usage of CCPC is much better. Figures 10-15 show the
detailed memory usage of these algorithms.



Figure 10 shows that on the BIBLE database at & = 0.05%, the memory usage of FCloSM is smallest;
however, the CCPC algorithm is better than the CIoFAST, CM-ClaSP, and CloSpan algorithms. When the
minsup threshold is decreased (6 = 0.03%), the memory of FCloSM begins to increase. At 6 = 0.02%,
the memory usage of FCIoSM significantly increases while CCPC slowly increases and becomes the
lowest memory consumption method. The FCloSM algorithm cannot be executed at 6 = 0.01%.

Similarly, Figure 11 shows that the memory usage of CCPC is better than the other algorithms when &
is at low values (6 = 0.1%) and it continues to decrease afterward.

With the Kosarak database in Figure 12, the memory usage of the CCPC algorithm is not better than
the CloSpan algorithm in most of & values; however, it is still better than CloFAST and CM-ClaSP
algorithms. The FCloSM algorithm is omitted because it cannot run on this database.

Figures 13-15 show that the memory usage of the CCPC algorithm is the best when compared with the
others in all 5 values. The CloSpan cannot run on the MSNBC database that is shown in Figure 13.
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Figure 12. Memory usage for exploiting FSP in the Kosarak database.
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Figure 13. Memory usage for exploiting FSP in the MSNBC database.
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Figure 14. Memory usage for exploiting FSP in the Chainstore database.



With the Chainstore database in Figure 14, only the CCPC can be executed.

Figure 15 shows that the memory usage of the CCPC algorithm does not increase or increases very
little while the CIoFAST and FCloSM algorithms are only executed at two 0 values 0.7% and 0.6%.
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Figure 15. Memory usage for exploiting FSP in the KDDCup99 database.

Overall, the proposed algorithm has better performance than the others in terms of time and memory
usage, especially when the minsup threshold & is small on the huge databases.
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