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We present a methodology for sequence classification, which employs sequential pattern
mining and optimization, in a two-stage process. In the first stage, a sequence classification
model is defined, based on a set of sequential patterns and two sets of weights are intro-
duced, one for the patterns and one for classes. In the second stage, an optimization tech-
nique is employed to estimate the weight values and achieve optimal classification
accuracy. Extensive evaluation of the methodology is carried out, by varying the number
of sequences, the number of patterns and the number of classes and it is compared with
similar sequence classification approaches.

� 2008 Elsevier B.V. All rights reserved.
1. Introduction

Sequence classification is an important problem which arises in many real-world applications, such as protein function
prediction, text classification or speech recognition [16]. Sequential data are sequences of ordered ‘‘events” representing a
situation, where each event might be described by a set of predicates. Examples of sequential data include text, biosequences
(DNA, proteins), web-usage data, multiplayer games, plan-execution traces, etc. Classification is the procedure in which gi-
ven a collection of training records, each one containing a set of attributes and a class, to find a model that maps the features
of each record to a class attribute. Subsequently, this model can be used in order to provide predictions for new records.
Based on that, given a sequence (constructed from letters drawn from a finite alphabet; i.e. 20-letter alphabet of amino acids
in the case of protein classification; a vocabulary of English words in text classification), a sequence classifier assigns a class
label (typically drawn from a finite set of mutually exclusive class labels) to this sequence. Data mining and machine learning
algorithms offer a number of effective approaches to design sequence classifiers, when a training set of labeled sequences is
available [18].

A sequential pattern is a sequence of itemsets that frequently occur in a specific order. An itemset is a non-empty subset of
elements, called items, from a set which is called alphabet. In this manner, an itemset represents the set of items that occur
together. Sequential pattern mining is a procedure that discovers sequential patterns existing in databases of sequences.
Sequential pattern mining is widely used in a variety of domains, ranging from text to proteins and DNA sequences. The
. All rights reserved.
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problem was first introduced by Agrawal and Srikant [2], and since then the goal of sequential pattern mining is to discover
all frequent sequences of itemsets in a dataset.

The problem of sequence classification has been addressed in the literature in many ways; the earliest approaches em-
ployed finite automata and entropy based approaches [29]. Several methodologies have also been proposed which use either
hidden Markov models [35,40] or support vector machines [9,27]. Also, several sequence classification methods have been
proposed, as applications in specific domains, such as protein classification [11,24,30,36], text classification [20,22], speech
[35] and handwriting [19] recognition. A different category of techniques treat the problem of sequence classification as a
feature mining problem [25,26,38], i.e. they mine features from a set of training sequences and then use these features as
input in a standard classification algorithm. The FeatureMine algorithm uses these features with the naïve Bayes and
Winnow algorithm [25,26]. The Classify By Sequences (CBS) algorithm uses a simple scoring function [38]. Tseng and Lee
[38] proposed two different approaches, the CBS_ALL and the CBS_CLASS. Experimental results showed that CBS_CLASS out-
performs CBS_ALL [38].

Recently, data mining techniques like association rule mining, sequential pattern mining, clustering and classification,
emerged in various research topics [1,2,6,34,41]. However, most of the existing data mining methods are designed for solving
a specific problem. On the other hand, some few compound methods integrate two or more types of data mining techniques
to solve complex problems. These compound methods can effectively utilize the advantages of each individual mining tech-
nique to improve the overall performance in data mining tasks. For example, the Classification Based on Associations (CBA)
[28] method provides higher accuracy than traditional classification methods such as C4.5 [34]. Hence, it is a promising
direction to integrate different types of data mining methods to form a new methodology for solving complex data mining
problems.

In this work, we propose a novel methodology for the generation of sequence classification models, that consists of two
stages. In the first stage, a sequence classification model based on sequential patterns is created. This first stage is similar to
the CBS_CLASS algorithm, which also builds a sequence classification model from the extracted sequential patterns. The
innovation of the proposed methodology is the introduction of weights, which are applied to the sequential patterns and
to the classes, and their tuning through optimization, during the second stage, which is an extension of the previously re-
ported CBS_CLASS algorithm. The methodology can be considered as a compound data mining method that uses sequential
pattern mining for sequence classification. The input to our methodology is a set of labeled training sequences, and the out-
put is a function mapping a new, unknown sequence, to a class. The classification of an unknown sequence is realized auto-
matically. The methodology employs a sequential pattern mining algorithm, a scoring function that uses the sequential
patterns for classification and an optimization technique, in order to automatically assign weights to the sequential patterns
and to the classes for improving the classification accuracy. The proposed methodology is evaluated using both artificial and
real data. Artificial data are employed in order to present a working example of the proposed methodology, while real data
correspond to two biological problems of high importance: protein fold recognition and class prediction.

The pattern weights that are assigned to the sequential patterns, after the optimization stage, identify the relative signif-
icance of each pattern. The motivation for the use of class weights is that sequential patterns extracted from sequences do
not describe all classes with the same adequacy; some classes are over described from the sequential patterns while for oth-
ers this description is rather poor. Thus, the class weights are introduced to equalize this preference, and subsequently, an
optimization technique is used to automatically calculate optimal values for them. To our knowledge, there is no other work
in the literature which assigns weights to the extracted sequential patterns and to the classes for sequence classification. Our
results indicate that this integration leads to high classification accuracy, superior to previously reported sequence classifi-
cation methods. Furthermore, the weights assigned to the patterns can provide to the experts additional knowledge on the
domain of application, through the identification of the most important patterns. Finally, the proposed methodology is gen-
eric and can incorporate different algorithms/approaches in any of its stages.
2. Methods

The list of symbols employed in this work and their explanation are summarized in Table 1. The proposed methodology
includes two stages (Fig. 1). In stage 1, a sequence classification methodology is defined, based on sequential patterns. For
the realization of stage 1, a dataset D = {Si,ci}, i = 1, . . . , lS, where Si is a sequence and ci is its class, with lc different classes
(ci = {1, . . . , lc}) and lS is the number of sequences in the dataset (jDj � lS), a vector of sequential pattern weights wp and a vec-
tor of class weights wc are required. This stage is realized in six steps and its outcome is the classification confusion matrix.
In stage 2 optimization is performed on an objective function, which is defined by the classification confusion matrix, to find
two sets of weights, one for the sequential patterns wp and one for the classes wc, which minimize the objective function.

2.1. Stage 1: Sequence classification

Step 1: Sequential pattern mining. The training sequences are divided into lc subsets, each one containing all sequences
belonging to the same class (Sj, j = 1, . . . , lc). Then, sequential pattern mining (SPM) [2] (details on SPM are presented in
Appendix A) is applied to each subset, generating lc sets of sequential patterns (Pj), satisfying the user-defined constraints.
The above procedure is also followed by the CBS_CLASS [38] algorithm, and reported to outperform both CBS_ALL, who



Table 1
List of symbols used in the methodology description and their explanation

Symbol Explanation

D = {Si,ci} Database of sequences
lS Overall number of sequences in D, (jDj)
Si ith sequence
ci Class of the ith sequence
lc Number of classes
Sj The subset of sequences belonging to the jth class
SPM Sequential pattern mining procedure
Pj jth set of sequential patterns, extracted from Sj

lj The number of patterns in Pj

PSMj jth pattern score matrix for the Pj

PSMj(m, i) value of the (m, i) element of the PSMj matrix, which denotes the score received from the ith sequence if the mth pattern of the jth set of
patterns is contained in it

Pj
m mth pattern of the jth set of patterns

wpj Vector of the jth set of pattern weights, jwpjj ¼ llj
wp Vector of all sets of pattern weights, jwpj ¼

Plc
j¼1lj

CSM Class score matrix
pci Predicted class of the ith sequence
ci Real class of the ith sequence
wc Vector of class weights, jwcj = lc
CM Confusion matrix
trace( � ) The sum of the elements of the main diagonal of a matrix
wpj* Vector with the optimal jth pattern set weights
wp* Vector with the optimal pattern weights of all sets
wc* Vector with the optimal class weights
Dtrain Training set
Dtest Test set
I Different items in the sequences (alphabet)
min_sup Minimum support (in the SPM algorithm)
max_gap Maximum gap
min_gap Minimum gap
supD(sa) The support of the sa sequence in the database of sequences D
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Fig. 1. The two-stage methodology.
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mines the whole database of sequences for sequential patterns, and FeatureMine [25,26]. Also this step closely resembles the
feature mining problem [25,26]. For this reason, even if SPM is an unsupervised technique, we employ it in a supervised
manner, since we generate sequential patterns for each class separately. The output of this stage is the sets of sequential
patterns Pj, j = 1, . . . , lc, characterizing the lc classes.

Step 2: Calculation of the pattern score matrices. After the extraction of the sequential patterns, we create for each class a
pattern score matrix PSMj, j = 1, . . . , lc. Each PSMj includes a score that defines the implication of a pattern that belongs to
class j with all Si sequences; thus, its size is lj � lS. This implication is defined through a scoring function.



Fig. 2. Calculation of the class score matrix (CSM) from the (updated) pattern score matrix (PSM). The columns of each PSM are summed in order to create
the rows of the CSM, which denote the score of each sequence for each one of the classes.
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Step 3: Update of the pattern score matrices. Each row of every PSMj matrix is multiplied by a parameter, which denotes
the weight of a specific pattern; thus each matrix PSMj is updated as follows: rowm

j ¼ wpjðmÞ � rowm
j , where rowm

j is the mth
row of the jth PSM matrix and wpj(m) is the weight of the mth sequential pattern of the jth pattern set.

Step 4: Calculation of the class score matrix. From the updated PSMj matrices, we derive the class score matrix (CSM).
Each (j, i) element of this matrix is the score of the ith sequence for the jth class, and it is defined as the sum of the scores
of all patterns belonging to the jth class for the ith sequence. This is shown schematically in Fig. 2. The size of the CSM matrix
is lc � lS.

Step 5: Update of the class score matrix. Each row of the matrix CSM is multiplied by a parameter, which denotes the
weight of a specific class; thus the matrix CSM is updated as follows: rowj = wc(j) � rowj, where rowj is the jth row of the
CSM matrix and wc(j) is the jth element of the class weight vector.

Step 6: Calculation of the confusion matrix. For each sequence Si, a class is predicted (pci), based on the updated CSM
matrix. The predicted class is determined after estimating the class that obtains the highest score for the ith sequence:
pci ¼ arg maxj¼1;...;lc ðCSMðj; iÞÞ. Based on the real class ci and the predicted class pci, the confusion matrix (CM) for all the
sequences is calculated. The pseudocode for the above six steps of stage 1 is given in Fig. 3.

2.2. Stage 2: Optimization

In this stage, we calculate two sets of weights, wp for the patterns and wc for the classes, which derive the highest clas-
sification accuracy of the sequences in the dataset. Initially, a cost (or objective) function is defined:
f ðD;wp;wcÞ ¼ gðCMÞ; ð1Þ
where g(CM) is a function that is based on the confusion matrix. Eq. (1) can be formulated as an optimization problem.
Different values for the weights have an impact on the cost function g, since they affect CM. The result of the optimization
procedure are the optimal weights wp�, wc�.

3. Implementation

In order to apply the above described methodology and automatically create a sequence classification model, the follow-
ing elements need to be defined: (i) the SPM algorithm for the extraction of sequential patterns, (ii) the scoring function for
the calculation of the values of all PSMj matrices and (iii) the optimization elements, such as the objective function of the



Fig. 3. Pseudocode for the implementation of the six steps of stage 1 of the proposed methodology.
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optimization procedure, the optimization algorithm and the optimization approaches for the calculation of the optimal
weights.



472 T.P. Exarchos et al. / Data & Knowledge Engineering 66 (2008) 467–487
3.1. Sequential pattern mining algorithm

In the SPM procedure, we can incorporate several constraints, that allow for flexible gap of the extracted sequential pat-
terns [3,8]. Several algorithms have been reported in the literature which implement the SPM procedure [2,4,10,33]. How-
ever, little work has been done on constrained SPM [17,37,42]. An algorithm that performs efficient and effective constrained
SPM is the cSPADE algorithm [42]. The cSPADE algorithm, which is based on the SPADE algorithm [41], uses efficient lattice
search techniques and simple join operations on id-lists. As the length of a frequent sequence increases, the size of its id-list
decreases, resulting in very fast joins. All sequences are discovered with only three database scans, one for frequent
1-sequences, another for frequent 2-sequences, and one more for generating all frequent k-sequences. The performance
of the cSPADE algorithm has been proven superior, compared to other constrained SPM approaches [17,23,37].

3.2. Scoring function

The scoring function assigns scores to the sequential patterns in the following way: if the Pj
m pattern i.e. the mth pattern of

the jth class is contained in the Si sequence then the (m, i) element of the PSMj matrix is equal to the length of the Pj
m patterns

minus 1, divided by the number of patterns which describe the jth class. If the Pj
m pattern is not contained in the Si sequence

then PSMj(m, i) is equal to 0. The pseudocode for the implementation of the employed scoring function is shown in Fig. 4.
We subtract 1 from the length of the pattern, in order to assign the minimum score, which is 1, to the minimal pattern, whose

length is 2. The length of the pattern in the numerator makes the longer sequential patterns more significant than shorter ones.
Also, the score of a sequence with respect to a class is divided by the number of sequential patterns extracted from this class set.
Thus, the smaller the number of patterns that describe a class, the more significant is each one of these patterns.

Since the score of a specific pattern for a sequence is 0 if this sequence does not contain the pattern, only the patterns
included in a sequence contribute to the class score. It is obvious that the higher the number of large length patterns of a
class are contained in a sequence, the higher the score of the sequence for this class is.

3.3. Optimization elements

The objective function that is shown in Eq. (1), takes as input a database of sequences D and the weights wp and wc, and
the output is a function of the confusion matrix g(CM). The following objective function g(CM) is selected:
gðCMÞ ¼ lS � traceðCMÞ; ð2Þ
since its minimum value is 0, and this value is obtained if (with the appropriate wp and wc) all sequences are correctly clas-
sified (lS = trace(CM)). Thus, the minimization of the above objective function, increases the accuracy of the sequence clas-
sification model.

The local optimization strategy is chosen, since there is an extremely large number of parameters which must be
optimized. In addition, an initial point is available (vectors wp = 1 and wc = 1) and local optimization is significantly faster
than global optimization. We have chosen the Roll optimization method [13,32], which is briefly describe in Appendix B.
The result of Roll optimization method is a local optimum of the objective function, for wp and wc.

The following optimization approaches were employed:

Approach 1 (App. 1): Set both pattern and class weights equal to 1 and calculate the confusion matrix without optimization (i.e.
application of stage 1 only of the methodology):
Fig. 4. Pseudocode of the employed scoring function.
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f ðD;1;1Þ ¼ lS � traceðCMÞ: ð3Þ

Approach 2 (App. 2): Set the pattern weights equal to 1 (wp = 1) and minimize the objective function to find the optimal
class weights wc*:

f ðD;1;wcÞ ¼ lS � traceðCMÞ: ð4Þ

Approach 3 (App. 3): Set the class weights equal to 1 (wc = 1) and minimize the objective function to find the optimal pattern
weights wp*:

f ðD;wp;1Þ ¼ lS � traceðCMÞ: ð5Þ

Approach 4 (App. 4): From App. 3, set the pattern weights equal to the optimal ones wp* and minimize the objective function
to identify the optimal class weights wc*:

f ðD;wp�;wcÞ ¼ lS � traceðCMÞ: ð6Þ

Approach 5 (App. 5): From App. 2, set the class weights equal to the optimal ones wc* and minimize the objective function to
identify the optimal pattern weights wp*:

f ðD;wp;wc�Þ ¼ lS � traceðCMÞ: ð7Þ

Approach 6 (App. 6): Together optimize both wp and wc, as a single weight vector [wp,wc] and find the optimal [wp*,wc*]:

f ðD;wp;wcÞ ¼ lS � traceðCMÞ: ð8Þ
4. Application to artificial data

4.1. Dataset

The artificial dataset is based on the alphabet I = {a,b,c}, by generating sequences of 4 items, which belong to three classes
(lc = 3), thus D = {Si,ci} with Si being the sequence and ci the corresponding class. Twenty fourr sequences were created, eight
from each class. From those, six sequences from each class are used to create the sequence classification model and the
remaining are used for testing. Thus, the training dataset Dtrain, consists of 18 sequences (jDtrainj = 18) and the test dataset
Dtest consists of 6 sequences (jDtestj = 6) (Table 2).

4.2. Generation of the sequence classification model

4.2.1. Stage 1: Sequence classification
Step 1: Sequential pattern mining. Dtrain is divided into three subsets, S1,S2,S3, each one containing sequences from the same

class only, thus jS1j = 6, jS2j = 6, jS3j = 6. Then, SPM is applied to each set Sj with min_sup = 50% (i.e. the sequential pattern is
present in at least half of the sequences of the respective Sj), max_gap = min_gap = 1 (extract only contiguous subsequences
as sequential patterns). Based on these, the following sequential patterns are extracted: from the S1 bb, bc and bbc, from the
le 2
artificial dataset

Dtrain Dtest

sid Si ci sid Si ci

1 bbcc 1
2 baca 1
3 abac 1 1 bbbc 1
4 bbca 1 2 accc 1
5 cccb 1
6 bbcb 1

7 abab 2
8 cbca 2
9 cbbb 2 3 bbba 2

10 abaa 2 4 caab 2
11 cbbc 2
12 baba 2

13 ccbb 3
14 bbbb 3
15 bcca 3 5 caaa 3
16 acab 3 6 aacc 3
17 acca 3
18 acaa 3
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S2 ab, ba, cb and aba, from the S3 ac and ca. All patterns have 50% support, except ca that presents 66.7%. Thus,
P1 = {bb,bc,bbc}, P2 = {ab,ba,cb,aba} and P3 = {ac,ca}.

Step 2: Calculation of the pattern score matrices. In order to create the PSMj matrices, we use the patterns which are con-
tained in each sequence (sequential pattern matching). Here, since the sequential patterns have been extracted using
max_gap = 1, their matching is performed in the same way, i.e. the sequential patterns exist in the sequences only as contig-
uous subsequence. Then, for each set Pj and based on the existence or not of a pattern in a sequence, a PSMj matrix is created,
as it is shown in Table 3 for PSM1. The values of the entries for all PSM matrices are obtained using the scoring function. For
example the first cell of the PSM1 matrix is 0.33 since the pattern bb is contained in the sequence bbcc and the assigned score
is PSM1(1,1) = (length(bb) � 1)/jP1j, and length(bb) = 2, jP1j = 3.

Step 3: Update of the pattern score matrices. Each row of the three PSM matrices is multiplied by a weight wpj(i), which
denotes the weight of the ith pattern of the jth set of pattern (PSMj). Initially, all wpj(i) weights are set to 1 so the updated
PSMj matrices remain the same (the weights are tuned in stage 2 of the methodology).

Step 4: Calculation of the class score matrix. From the three PSM matrices, we create the CSM matrix, shown in Table 4,
summing the scores of the patterns of the same class (Fig. 3).

The above CSM matrix presented in Table 4, contains for each sequence the score obtained for each class. For example in
the first cell, 1.33 is the sum of scores of all patterns of class 1 (P1) for the bbcc sequence, i.e. CSMð1;1Þ ¼
P3

m¼1PSM1ðm;1Þ ¼ 1:33.
Step 5: Update of the class score matrix. Each row of the CSM matrix is multiplied by a weight wc(j). Initially, all weights are

set to 1 so the updated CSM matrix remains the same (the weights are tuned in stage 2 of the methodology).
Step 6: Confusion matrix calculation. Finally, from the updated CSM matrix, we derive the confusion matrix CM for the se-

quences of the training set Dtrain. Using pci = argmaxj=1,. . .,3(CSM(j, i)), for i = 1, . . . ,18, we derive the predicted class (pci) by the
methodology for each sequence, as it is depicted in Table 5.

From the above, we derive the confusion matrix (CM) for the sequences of Dtrain (Table 6).
The accuracy is given by the trace of the CM, which in our case equals to 10, thus the accuracy is 55.6%.

4.2.2. Stage 2: Optimization
We calculate the optimal values for all wpj(m) and wc = [wc(1),wc(2),wc(3)] in order to minimize the objective function

f(Dtrain,wp,wc) = jDtrainj � trace(CM), by increasing the trace(CM). The optimization procedure is formulated as: minimize
f(Dtrain,wp,wc), subject to wp and wc. As it is shown above, the CM matrix and subsequently the trace(CM) value, are func-
tions of the weights wp and wc. The initial value of the objective function is f(Dtrain,wp,wc) = 8. The minimum value of
Table 3
The first pattern score matrix (PSM1) of the training sequences, from P1

P1 Si/PSM1(m, i)

bbcc baca abac bbca cccb bbcb abab cbca cbbb abaa cbbc baba ccbb bbbb bcca acab acca acaa

P1
1 : bb 0.33 0.00 0.00 0.33 0.00 0.33 0.00 0.00 0.33 0.00 0.33 0.00 0.33 0.33 0.00 0.00 0.00 0.00

P1
2 : bc 0.33 0.00 0.00 0.33 0.00 0.33 0.00 0.33 0.00 0.00 0.33 0.00 0.00 0.00 0.33 0.00 0.00 0.00

P1
3 : bbc 0.67 0.00 0.00 0.67 0.00 0.67 0.00 0.00 0.00 0.00 0.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 4
The class score matrix (CSM) of the training sequences

cj Si/CSM(j, i)

bbcc baca abac bbca cccb bbcb abab cbca cbbb abaa cbbc baba ccbb bbbb bcca acab acca acaa

c1 1.33 0.00 0.00 1.33 0.00 1.33 0.00 0.33 0.33 0.00 1.33 0.00 0.33 0.33 0.33 0.00 0.00 0.00
c2 0.00 0.25 1.00 0.00 0.25 0.25 1.00 0.25 0.25 1.00 0.25 1.00 0.25 0.00 0.00 0.25 0.00 0.00
c3 0.00 1.00 0.50 0.50 0.00 0.00 0.00 0.50 0.00 0.00 0.00 0.00 0.00 0.00 0.50 1.00 1.00 1.00

Table 5
The predicted class pci of the Si sequences

Si ci pci Si ci pci Si ci pci

bbcc 1 1 abab 2 2 ccbb 3 1
baca 1 3 cbca 2 3 bbbb 3 1
abac 1 2 cbbb 2 1 bcca 3 3
bbca 1 1 abaa 2 2 acab 3 3
cccb 1 2 cbbc 2 1 acca 3 3
bbcb 1 1 baba 2 2 acaa 3 3



Table 6
The confusion matrix CM of the training sequences

pc1 pc2 pc3

c1 3 2 1
c2 2 3 1
c3 2 0 4

Table 7
The extracted sequential patterns and their optimal weights

P1 wp1*(m) P2 wp2*(m) P3 wp3*(m)

bb 0.93 ab 0.97 ac 0.62
bc 0.94 ba 1.31 ca 0.71
bbc 0.76 cb 1.28

aba 0.99
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f(D,wp,wc) is 0, if trace(CM) = jDtrainj, which means that all sequences are classified correctly. We minimize the above objec-
tive function using an optimization procedure, with the fourth optimization approach (i.e. two-stage optimization, first opti-
mize f(Dtrain,wp,1) = jDtrainj � trace(CM) with respect to wp, so wp* is calculated, and then optimize f(Dtrain,wp*,wc) =
jDtrainj � trace(CM) with respect to wc, thus resulting to wc*). The optimal values wp* for the extracted sequential patterns
are shown in Table 7.

The updated PSM1 matrix is shown in Table 8, while the new CSM is presented in Table 9.
Based on the updated CSM matrix, we derive the new predictions for each sequence, as it is shown in Table 10.
As we can see in Table 10, the sequence cbbb, which was previously classified incorrectly into class 1, is now correctly

classified into class 2, with the multiplication of the optimal pattern weights. The new confusion matrix is shown in
Table 11.

The new trace(CM) is 11 and we derive that with the introduction of the optimal weights to the patterns. The accuracy of
the method is increased by 5.5% (from 55.6% to 61.1%).
Table 8
The updated pattern score matrix PSM1 for the training sequences, obtained after multiplying the initial PSM1 (Table 3) with wp1*(m)

P1 Si/PSM1(m, i)

bbcc baca abac bbca cccb bbcb abab cbca cbbb abaa cbbc baba ccbb bbbb bcca acab acca acaa

P1
1 : bb 0.31 0.00 0.00 0.31 0.00 0.31 0.00 0.00 0.31 0.00 0.31 0.00 0.31 0.31 0.00 0.00 0.00 0.00

P1
2 : bc 0.31 0.00 0.00 0.31 0.00 0.31 0.00 0.31 0.00 0.00 0.31 0.00 0.00 0.00 0.31 0.00 0.00 0.00

P1
3 : bbc 0.51 0.00 0.00 0.51 0.00 0.51 0.00 0.00 0.00 0.00 0.51 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 9
The updated class score matrix CSM for the training sequences, after the first optimization stage

cj Si/CSM(j, i)

bbcc baca abac bbca cccb bbcb abab cbca cbbb abaa cbbc baba ccbb bbbb bcca acab acca acaa

c1 1.12 0.00 0.00 1.12 0.00 1.12 0.00 0.31 0.31 0.00 1.12 0.00 0.31 0.31 0.31 0.00 0.00 0.00
c2 0.00 0.33 1.07 0.00 0.32 0.32 1.07 0.32 0.32 1.07 0.32 1.07 0.32 0.00 0.00 0.24 0.00 0.00
c3 0.00 0.66 0.31 0.35 0.00 0.00 0.00 0.35 0.00 0.00 0.00 0.00 0.00 0.00 0.35 0.66 0.66 0.66

Table 10
The predictions for the training sequences, obtained after the first optimization stage (calculation of the optimal pattern weights)

Si ci pci Si ci pci Si ci pci

bbcc 1 1 abab 2 2 ccbb 3 2
baca 1 3 cbca 2 3 bbbb 3 1
abac 1 2 cbbb 2 2 bcca 3 3
bbca 1 1 abaa 2 2 acab 3 3
cccb 1 2 cbbc 2 1 acca 3 3
bbcb 1 1 baba 2 2 acaa 3 3



Table 11
The confusion matrix for the training sequences, obtained after the first optimization stage

pc1 pc2 pc3

c1 3 2 1
c2 1 4 1
c3 1 1 4

Table 12
The class score matrix of the training sequences, obtained after the second stage of the optimization, multiplying the previous CSM (Table 9), with wc*

cj Si/CSM(j, i)

bbcc baca abac bbca cccb bbcb abab cbca cbbb abaa cbbc baba ccbb bbbb bcca acab acca acaa

c1 1.01 0.00 0.00 1.01 0.00 1.01 0.00 0.28 0.28 0.00 1.01 0.00 0.28 0.28 0.28 0.00 0.00 0.00
c2 0.00 0.39 1.28 0.00 0.38 0.38 1.28 0.38 0.38 1.28 0.38 1.28 0.38 0.00 0.00 0.29 0.00 0.00
c3 0.00 0.53 0.25 0.28 0.00 0.00 0.00 0.28 0.00 0.00 0.00 0.00 0.00 0.00 0.28 0.53 0.53 0.53

Table 13
The predictions for the training sequences of the methodology, obtained after the second optimization stage

Si ci pci Si ci pci Si ci pci

bbcc 1 1 abab 2 2 ccbb 3 2
baca 1 3 cbca 2 2 bbbb 3 1
abac 1 2 cbbb 2 2 bcca 3 3
bbca 1 1 abaa 2 2 acab 3 3
cccb 1 2 cbbc 2 1 acca 3 3
bbcb 1 1 baba 2 2 acaa 3 3
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Having found the optimal pattern weights, we can calculate the optimal class weights. Thus, optimizing the objective
function, f(Dtrain,wp*,wc) = jDtrainj � trace(CM), the optimal class weights are identified: wc* = [wc*(1),wc*(2),wc*(3)] =
[0.9,1.2,0.8].

With the above class weights, the CSM is updated, as it is shown in Table 12.
Based on the final CSM matrix, we derive new predictions for each sequence (in the case of the sequence bcca the score of

c1 is higher that the score of c3; however, the scores have been rounded for simplicity), as shown in Table 13.
As we can see, the sequence cbca, which was previously classified incorrectly to class 3, is now correctly classified into

class 2, with the multiplication of the optimal class weights. The new confusion matrix is shown in Table 14.
The new trace(CM) is 12 and we derive that with the introduction of the optimal weights for the classes, the accuracy of

the method is increased by another 5.6% (from 61.1% to 66.7%). Thus the total increase in accuracy using both sets of weights
is 11.1%.

4.3. Evaluation of the generated sequence classification model

The generated sequence classification model was evaluated with six sequences that comprise Dtest (Table 15).
We test the method using three different approaches:
Table 14
The confusion matrix for the training sequences, obtained after the second optimization stage

pc1 pc2 pc3

c1 3 2 1
c2 1 5 0
c3 1 1 4

Table 15
The test sequences employed to evaluate the sequence classification model

Si ci Si ci Si ci

bbbc 1 bbba 2 caaa 3
accc 1 caab 2 aacc 3



Table 16
The pattern score matrix PSM1 for the test sequences, obtained from P1

P1 Si/PSM1(m, i)

bbbc accc bbba caab caaa aacc

P1
1 : bb 0.33 0.00 0.33 0.00 0.00 0.00

P1
2 : bc 0.33 0.00 0.00 0.00 0.00 0.00

P1
3 : bbc 0.67 0.00 0.00 0.00 0.00 0.00

Tab
The

P1

P1
1 :

P1
2 :

P1
3 :

Tab
The

cj

c1

c2

c3

Tab
The

Si

bbb
acc

Tab
The

c1

c2

c3
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(i) Set both pattern and class weights to 1: We create the PSMj matrices from the Pj sets of patterns, extracted from the
model generation. Initially, sequential pattern matching is performed, in the same way as in the model generation (i.e.
match the patterns as contiguous subsequences since they have been extracted using max_gap = 1). Then, based on the
scoring function, the PSMj matrices for the test sequences are created (e.g. PSM1 is shown in Table 16). From the above
PSM matrices, we derive the CSM matrix, shown in Table 17.
Subsequently the predictions are shown in Table 18. From Table 18, the confusion matrix for the test sequences is
derived, shown in Table 19. Thus, trace(CM) = 3 and accuracy = 50%.
(ii) Set pattern weights to the optimal values and the class weights to 1: If we use the optimal weight for the patterns wp*

obtained from model generation, the updated PSMj matrices are obtained (e.g. the updated PSM1 for the test sequences is
shown in Table 20). The updated CSM matrix is shown in Table 21. The new predictions are shown in Table 22. From the
above, the confusion matrix for the test sequences becomes as shown in Table 23. The new trace(CM) is 4 and we derive
that with the introduction of the optimal pattern weights, the accuracy of the method in the test set is increased by 16.7%
(from 50% to 66.7%).
le 20
updated pattern score matrix PSM1, obtained by multiplying the initial PSM1 (Table 16) with wp1*

Si/PSM1(m, i)

bbbc accc bbba caab caaa aacc

bb 0.31 0.00 0.31 0.00 0.00 0.00
bc 0.31 0.00 0.00 0.00 0.00 0.00
bbc 0.51 0.00 0.00 0.00 0.00 0.00

le 17
class score matrix CSM for the test sequences

Si/CSM(j, i)

bbbc bccc bbba caab caaa aacc

1.33 0.00 0.33 0.00 0.00 0.00
0.00 0.00 0.25 0.25 0.00 0.00
0.00 0.50 0.00 0.50 0.50 0.50

le 18
obtained predictions for the test sequences

ci pci Si ci pci Si ci pci

c 1 1 bbba 2 1 caaa 3 3
c 1 3 caab 2 3 cacc 3 3

le 19
confusion matrix for the test sequences

pc1 pc2 pc3

1 0 1
1 0 1
0 0 2



Table 21
The updated class score matrix CSM for the test sequences

cj Si/CSM(j, i)

bbbc accc bbba caab caaa aacc

c1 1.12 0.00 0.31 0.00 0.00 0.00
c2 0.00 0.00 0.33 0.24 0.00 0.00
c3 0.00 0.31 0.00 0.35 0.35 0.31

Table 22
The predictions of the methodology, using the optimal pattern weights, for the test sequences

Si ci pci Si ci pci Si ci pci

bbbc 1 1 bbba 2 2 caaa 3 3
accc 1 3 caab 2 3 cacc 3 3

Table 23
The confusion matrix, using the optimal pattern weights, for the test sequences

pc1 pc2 pc3

c1 1 0 1
c2 0 1 1
c3 0 0 2

Table 24
The final class score matrix CSM of the test sequences

cj Si/CSM(j, i)

bbbc accc bbba caab caaa aacc

c1 1.01 0.00 0.28 0.00 0.00 0.00
c2 0.00 0.00 0.39 0.29 0.00 0.00
c3 0.00 0.25 0.00 0.28 0.28 0.25

Table 25
The final predictions of the methodology for the test sequences

Si ci pci Si ci pci Si ci pci

bbbc 1 1 bbba 2 2 caaa 3 3
accc 1 3 caab 2 2 cacc 3 3

Table 26
The final confusion matrix of the test sequences

pc1 pc2 pc3

c1 1 0 1
c2 0 2 0
c3 0 0 2
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(iii) Set pattern and class weights to the optimal values: If we introduce also the optimal class weights, the final CSM matrix
is shown in Table 24. The final predictions are presented in Table 25. From the above predictions, the final confusion
matrix for the test sequences is extracted and it is shown in Table 26. The new trace(CM) is 5 so with the introduction
of the optimal weights to the classes, the accuracy of the method is increased by 16.7%. Thus, the final classification accu-
racy using both sets of weights is increased up to 83.3%.
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5. Application to real data

The proposed methodology is evaluated using a biological sequence dataset. Results of the proposed methodology are
presented without the use of stage 2 [14,15] and with the use of stage 2, by applying all five different optimization
approaches (App. 2–App. 6).

5.1. Dataset

The sequence classification domain which is selected is the classification of protein primary structures into folds and
classes. The formulation of SPM covers almost any categorical sequential domain [39]. In order to apply SPM to a specific
domain, the following notions are required: a database of sequences D, a set of items (alphabet) I, a definition of the
transaction id (tid) and a definition of an itemset. In what concerns our problem, the database D consists of protein pri-
mary structures and each one of them has a sequence id. The set of items I is the 20 amino acids that compose the
protein primary structures plus one for the unknown amino acid. An itemset in a transaction consists of a single item
(one of the 21 letters) while the tid is the position of the amino acid in the protein primary structure, rather than the
time.

A group of primary protein sequences is taken from the Protein Data Bank (PDB) [7]. All members of this group corre-
spond to a specific fold of the structural classification of proteins (SCOP) database [31]. Specifically the 17 SCOP folds, with
at least 30 members, from classes A and B are used to derive the training and test data. From the resulted 1000 proteins, the
two thirds from each category are randomly selected and used for training, while the rest for testing.

From the above sequences, four datasets, each one with different classification complexity, are derived and four different
classification experiments are performed. Each dataset is divided into training and test sets:

� In the first experiment (Exp. 1), we use sequences from 17 categories (class A and class B folds). The training and test sets
consist of 666 and 334 proteins, respectively.

� In the second experiment (Exp. 2), we use sequences from 10 categories (class B folds). The training set consists of 406
proteins and the test set of 203 proteins.

� In the third experiment (Exp. 3), we use sequences from seven categories (class A folds). The training set consists of 260
proteins and the test set of 131 proteins.

� In the fourth experiment (Exp. 4), we use sequences from two categories (All sequences from class A folds were considered
to belong to the first category and all sequences from class B folds to the second category). Six hundred and sixty proteins
constitute the training set and 334 proteins the test set.
5.2. Sequence classification model generation

In all experiments, we set the minimum support to 50%, i.e. a sequential pattern is frequent if it is contained in at least
half of the sequences of a specific class. Also, for each of the above experiments, we vary the number of max_gap from 1 to 3,
thus creating in total 12 experiments, since the classification is performed using the extracted sequential patterns. It should
be mentioned that in the above experiments, the training set is used for sequential pattern mining, as well as, for the cal-
culation of wp* and wc*. (Stage 1 of the methodology is not described here in detail due to the large number of the extracted
sequential patterns.)

5.3. Evaluation of the generated sequence classification model – comparative study

In the evaluation phase, the sequential patterns and the weights wp*,wc* calculated during the sequence classification
model generation, are used to classify the sequences of the test set. In addition, we employed the CBS algorithm and the Fea-
tureMine algorithm for comparison. These algorithms perform sequence classification using sequential patterns. Both algo-
rithms are tested using the same experimental procedure. We implemented the CBS_CLASS variation of the CBS algorithm. In
the CBS_CLASS algorithm the training set is divided into subsets of sequences belonging to the same category. These subsets
are mined using sequential pattern mining and a set of sequential patterns is derived for each class. Then, the score of every
sequential pattern is calculated for each sequence, as follows: if the Pj

m pattern, is contained in the Si sequence then the (m, i)
element of the PSMj matrix is equal to lengthðPj

mÞ=
Plj

m¼1lengthðPj
mÞ, else it is equal to 0. After the creation of the PSM matrix,

the CBS_CLASS algorithm employs the same stages for the creation of the CSM matrix and the classification of a sequence in a
predicted class (pc) with the proposed methodology, but without the use of the optimization stage.

The FeatureMine algorithm mines also the training sequence database for class-specific sequential patterns. The extracted
patterns are then used to create a Boolean matrix. Every extracted pattern is considered as a feature, and if a pattern is con-
tained in a sequence, the Boolean matrix is filled with 1, else it is filled with 0, in the corresponding position. The Boolean
matrix is the transformed dataset and it is further used by standard classification algorithms such as Naïve Bayes and Win-
now. In order to use sequential patterns as features, these should be frequent, distinctive of at least one class and the cor-
responding sets should not contain any redundant features.



Table 27
Number of features used, optimization parameters and reported accuracy (Acc. %) in the training and test sets for the first experiment, for all values of max_gap,
for the CBS and the FeatureMine algorithms and the six different optimization approaches of the proposed methodology

Exp. 1: jDtrainj = 666, jDtestj = 334 and lc = 17

Comparative study Proposed methodology

CBS FeatureMine App. 1 App. 2 App. 3 App. 4 App. 5 App. 6

# feat
Gap 1 1568 107 1568 1568 1568 1568 1568 1568
Gap 2 3670 137 3670 3670 3670 3670 3670 3670
Gap 3 7404 188 7404 7404 7404 7404 7404 7404

#param
Gap 1 – – – 17 1568 1568 + 17 17 + 1568 1585
Gap 2 – – – 17 3670 3670 + 17 17 + 3670 3687
Gap 3 – – – 17 7404 7404 + 17 17 + 7404 7421

training acc (%)
Gap 1 36.5 59.8 36.5 58.7 52.3 54.4 63.8 57.5
Gap 2 32.0 61.1 38.4 62.3 57.5 58.7 67.3 64.1
Gap 3 22.7 71.0 54.4 65.5 63.7 66.2 67.7 67.9

test acc (%)
Gap 1 22.2 35.0 22.5 31.4 26.7 27.5 35.6 31.7
Gap 2 19.2 32.6 18.3 32.9 28.7 28.4 32.6 33.2
Gap 3 14.1 41.0 27.0 36.5 33.5 36.2 35.3 36.5

Accuracy results depicted with bold denote the highest accuracy obtained with the respective gap for a specific experiment.

Table 28
Number of features used, optimization parameters and reported accuracy (Acc. %) in the training and test sets for the second experiment, for all values of
max_gap, for the CBS and the FeatureMine algorithms and the six different optimization approaches of the proposed methodology

Exp. 2: jDtrainj = 406, jDtestj = 203 and lc = 10

Comparative study Proposed methodology

CBS FeatureMine App. 1 App. 2 App. 3 App. 4 App. 5 App. 6

# feat
Gap 1 1142 95 1142 1142 1142 1142 1142 1142
Gap 2 2444 118 2444 2444 2444 2444 2444 2444
Gap 3 5035 181 5035 5035 5035 5035 5035 5035

#param
Gap 1 – – – 10 1142 1142 + 10 10 + 1142 1152
Gap 2 – – – 10 2444 2444 + 10 10 + 2444 2454
Gap 3 – – – 10 5035 5035 + 10 10 + 5035 5045

training acc (%)
Gap 1 43.8 64.0 44.1 66.5 65.8 69.5 72.9 70.2
Gap 2 28.1 65.8 34.2 63.1 59.9 64.8 69.7 67.7
Gap 3 15.3 74.6 61.6 71.2 71.4 72.4 72.9 72.4

test acc (%)
Gap 1 28.1 41.4 30.1 38.4 40.9 41.4 36.0 40.4
Gap 2 16.8 40.9 18.2 37.0 35.5 36.0 37.4 35.0
Gap 3 12.8 41.9 33.5 43.8 41.4 40.9 44.8 43.8

Accuracy results depicted with bold denote the highest accuracy obtained with the respective gap for a specific experiment.
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Tables 27–30 present the number of features used, the optimization parameters and the reported accuracy in the training
and test sets, for all experiments, all values of max_gap, for the CBS algorithm and FeatureMine algorithms and the six
different approaches of the proposed methodology.

6. Discussion

We presented a novel methodology for the automated generation of sequence classification models, that can be applied in
any (discrete) sequential domain. Initially, sequential patterns are extracted from a set of (training) sequences. The scores for
each sequential pattern and each class are computed. In addition, optimal weights for each pattern and for each class are
calculated using an optimization technique. The obtained optimal pattern and class weights along with the extracted
sequential patterns compose the sequence classification model, which is used to classify the test sequences.



Table 29
Number of features used, optimization parameters and reported accuracy (Acc. %) in the training and test sets for the third experiment, for all values of
max_gap, for the CBS and the FeatureMine algorithms and the six different optimization approaches of the proposed methodology

Exp. 3: jDtrainj = 260, jDtestj = 131 and lc = 7

Comparative study Proposed methodology

CBS FeatureMine App. 1 App. 2 App. 3 App. 4 App. 5 App. 6

# feat
Gap 1 426 57 426 426 426 426 426 426
Gap 2 1226 72 1226 1226 1226 1226 1226 1226
Gap 3 2369 83 2369 2369 2369 2369 2369 2369

#param
Gap 1 – – – 7 426 426 + 7 7 + 426 433
Gap 2 – – – 7 1226 1226 + 7 7 + 1226 1233
Gap 3 – – – 7 2369 2369 + 7 7 + 2369 2376

training acc (%)
Gap 1 59.2 66.2 59.2 66.9 68.1 70.0 71.5 70.8
Gap 2 61.2 70.8 67.3 78.1 83.1 83.1 80.0 83.1
Gap 3 65.4 78.5 61.9 77.7 76.2 78.9 80.0 77.7

test acc (%)
Gap 1 42.8 48.1 42.8 42.0 42.0 40.5 46.6 40.5
Gap 2 37.4 45.8 33.6 45.8 40.5 40.5 47.3 42.0
Gap 3 50.4 51.9 42.0 52.7 51.9 51.9 51.9 57.3

Accuracy results depicted with bold denote the highest accuracy obtained with the respective gap for a specific experiment.

Table 30
Number of features used, optimization parameters and reported accuracy (Acc. %) in the training and test sets for the fourth experiment, for all values of
max_gap, for the CBS and the FeatureMine algorithms and the six different optimization approaches of the proposed methodology

Exp. 4: jDtrainj = 666, jDtestj = 334 and lc = 2

Comparative study Proposed methodology

CBS FeatureMine App. 1 App. 2 App. 3 App. 4 App. 5 App. 6

# feat
Gap 1 1568 47 1568 1568 1568 1568 1568 1568
Gap 2 3670 74 3670 3670 3670 3670 3670 3670
Gap 3 7404 127 7404 7404 7404 7404 7404 7404

#param
Gap 1 – – – 2 1568 1568 + 2 2 + 1568 1570
Gap 2 – – – 2 3670 3670 + 2 2 + 3670 3672
Gap 3 – – – 2 7404 7404 + 2 2 + 7404 7406

training acc (%)
Gap 1 61.4 76.0 62.3 82.1 83.6 83.6 84.2 83.6
Gap 2 51.2 80.3 53.0 85.3 85.9 85.9 86.5 84.7
Gap 3 49.1 82.3 66.8 84.4 80.2 81.7 84.4 84.2

test acc (%)
Gap 1 59.6 68.9 60.2 76.1 75.5 75.5 75.5 75.5
Gap 2 49.4 69.8 51.2 74.9 77.0 77.0 74.6 73.7
Gap 3 48.5 72.2 62.0 77.8 75.5 75.8 77.8 77.6

Accuracy results depicted with bold denote the highest accuracy obtained with the respective gap for a specific experiment.
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The proposed methodology introduces several innovative features. To our knowledge, the automatic assignment of
weights to patterns and classes and their tuning using optimization techniques, for classification purposes is proposed for
the first time in the literature. Other similar approaches use the extracted sequential patterns either as input features
[25,26] to standard classification algorithms, or employ a scoring function, similar to the one reported in the current work
[14,15,38]. The weight assignment to the patterns and to the classes and their tuning through optimization, is a major advan-
tage of our methodology, since it adjusts the descriptive ability of the set of patterns for each class, thus leading to high clas-
sification accuracy, better than that of previous works. Also, the optimal weights of the patterns can provide to the domain
experts new knowledge related to the significance of each pattern, like for example the case of biologically significant protein
patterns.

The presented two-stage procedure is generic and different components can be used for any stage of the methodology, i.e.
different SPM algorithm and/or scoring function and also alternative objective function and/or optimization method (local or
global). The SPM approach, employed in this work, is suitable for analyzing sequences and it is able to discover strong
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sequential dependencies (patterns). In addition, the use of sequential pattern mining leads to pattern discovery in the spe-
cific sequential domain of application. Furthermore, the training phase of the method, i.e. the determination of the sequential
patterns, is a fast procedure due to the use of the cSPADE algorithm. In general, SPM is a time consuming process and re-
quires high computational load which is increased exponentially since longer sequences need to be mined. The lattice search
techniques and the simple joins, that the cSPADE algorithm employs, handle the two above aspects effectively. It should be
mentioned that the employed scoring function is selected heuristically, obtained after a series of experiments. For example,
we utilized also as scoring function the times a sequential pattern is contained in the sequence raised in the power of n
(n = 1,2, . . .), the logarithm of the length of the pattern, the length of the pattern raised in the power of n (n = 1,2, . . .), the
support of the pattern and others. All the above reported lower classification results when they were used in our sequence
database.

The proposed methodology has been evaluated systematically, using 12 different evaluation experiments (four datasets
multiplied by three different values of max_gap). In the design of the classification experiments, special attention was given
to create classification experiments with different properties and classification difficulty; the length of the employed se-
quences ranges from 36 to 590 letters, using a 21 letter alphabet, while the number of classes, is 17, 10, 7 and 2. Also the
number of sequential patterns extends from 426 to 7404. In addition, stage 2 of the methodology is implemented with five
different optimization approaches (plus one without the use of the optimization stage). This large number of different eval-
uation experiments, resulting from the wide range of parameters, ensures the reliable evaluation of the proposed
methodology.

FeatureMine presents the lowest computational complexity compared to all other methodologies, due to the employment
of the reduced set of sequential patterns. App. 1 and CBS have the same computational complexity both in training and test-
ing, since for each value of max_gap, the same number of sequential patterns is both mined in training and matched in test-
ing. Approaches 2–6 present higher computational complexity in the training phase, due to the fact that they employ two
stages, the first stage which is common with App. 1 and CBS and the second stage, which employs an optimization technique.
Thus, the additional complexity of the Approaches 2–6 is due to the optimization stage and depend on the selection of the
optimization technique. In the current work, the Roll method is employed, which is a local optimization technique with low
computational complexity. This complexity depends on the number of classes and the number of sequential patterns, since
their value defines the number of parameters for optimization. App. 2 presents lower computational complexity compared to
Approaches 3–6, since in App. 2 only the class weights are optimized, and not the pattern weights. It should be mentioned
that the number of extracted sequential patterns highly depends on the value of max_gap, thus as max_gap increases the
number of sequential patterns and subsequently the computation cost for all methodologies increases.

The proposed novel introduction of weights and their optimization, significantly improves the ability of the sequential
patterns to classify sequences, by adjusting the relative importance of each class according to the obtained optimal weights.
More specifically, in all 12 classification experiments (Tables 27–30), both in training and testing, the proposed methodology
(App. 2–App. 6) presents significantly higher accuracy than the approach that uses only stage 1 (App. 1); the average accu-
racy increase between App. 1 and the best result obtained from App. 2 to App. 6 is 22% and 14.1%, for the training and test set,
respectively. Thus, the weight introduction and their optimization has a major impact on the classification accuracy of the
sequence classification model.

A comparison between the five different approaches of the proposed methodology that employ the weight introduction
and optimization (App. 2–App. 6) shows that there is single approach that performs better in all different experiments. How-
ever, App. 5 is slightly better overall, compared to the other approaches, but not in every different experiment.

App. 5 is an extension of App. 2, which is in turn an extension of App. 1. In App. 1, both sets of weights are set equal to 1,
since this is the initial value, considered when only stage 1 of the methodology is used. Subsequently, App. 2 extends App. 1
by introducing an optimization stage for the class weights (wc), thus adapting the relative importance of the sets of the
sequential patterns to the optimal value (wc*). App. 5 uses the optimal class weights, produced by App. 2 and further opti-
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Fig. 5. Variation of the accuracy from App. 1 (no optimization) to App. 2 (class weight optimization) and to App. 5 (class weight and then pattern weight
optimization) in the training set.
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mizes the model by calculating optimal values for the pattern weights (wp), i.e. identifying the relative importance of each
extracted sequential pattern (wp*). This gradual improvement of the model, resulting from the increase of the introduced
parameters (weights) and their optimization is also reflected in the obtained results. Figs. 5 and 6 present the average results
in each of the four different experiments, for the training and test sets, respectively. The same strategy is followed by App. 1
(no optimization) to App. 3 (optimization of the pattern weights) and then to App. 4 (optimization of the pattern and then of
the class weights), and the respective results follow also the same increasing trend.

It should be mentioned that there is a considerable difference between the classification accuracy in the training and test
sets. This is mainly attributed to the increased classification difficulty of the problem and less to overfitting phenomena,
since, in most cases, increment of the training accuracy results to higher classification ability in the test set. The difference
in accuracy between the simple sequential pattern based classifier (App. 1) and the other approaches (App. 2–6) is statisti-
cally significant, at 95% confidence level. However, the extension of App. 2–App. 5 does not present a statistically significant
difference in the classification accuracy. The same applies to App. 3 and its extension, App. 4.

A comparative study has been conducted between the different approaches of the proposed methodology and the CBS and
FeatureMine algorithms. The average accuracy of each different experiment, for the CBS algorithm, the FeatureMine algo-
rithm and the six different approaches of the proposed methodology, are presented in Figs. 7 and 8, for the training set
and the test set, respectively. The best average accuracy in the training set for all four experiments, is reported by App. 5.
In the test set, in Exp. 1 and 2, FeatureMine presents higher average accuracy, in Exp. 3, the proposed methodology and Fea-
tureMine present similar average accuracy, and in Exp. 4, the proposed methodology outperforms FeatureMine.

The scoring function proposed in this work (mentioned as App. 1 in Tables 27–30), presents superior classification accu-
racy than the one employed in the CBS algorithm, as it is shown in Tables 27–30. More specifically, the accuracy obtained in
almost all classification problems (in 11 out of 12 experiments) is improved during training, when the proposed scoring
function is employed, instead of the one used in the CBS algorithm. This improvement also holds in the testing (in 9 out
of 12 experiments).

Comparing directly the proposed methodology with the FeatureMine algorithm, the proposed methodology presents bet-
ter results than FeatureMine in 9 out of the 12 classification experiments in the training set and in 8 out of the 12 classifi-
cation experiments in the test set (plus one where both the proposed methodology and FeatureMine have the same
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Fig. 7. Graphical representation of the average accuracy in terms of each different experiment, for the CBS algorithm, the FeatureMine algorithm and the six
different approaches of the proposed methodology, in the training set.
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Fig. 8. Graphical representation of the average accuracy in terms of each different experiment, for the CBS algorithm, the FeatureMine algorithm and the six
different approaches of the proposed methodology, in the test set.
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accuracy). The advantage of FeatureMine compared to the proposed methodology is the lower computational complexity as
it is shown in Tables 27–30 (number of features and optimization parameters); however, our method provides the experts
with additional information related to the domain of application, since the pattern and class weights define the relative sig-
nificance of each pattern and class, respectively. A direct comparison with CBS shows that the proposed methodology out-
performs CBS in all 12 classification experiments, both in training and test sets while most of the times presents much higher
classification accuracy.

Since the methodology presented here is based on sequential pattern mining, inevitably suffers from the large number of
discovered patterns which increases exponentially with max_gap. Although, the extraction of sequential patterns is relatively
fast (due to the cSPADE algorithm), the overall processing time remains high. In addition, SPM, besides discovering valid and
causal relationships in the sequential data, will also find spurious and particular relationships among the data in the specific
dataset. The above issues could be treated by employing a pattern reduction/selection algorithm, something that we intend
to work with in the future. The optimization stage, although it significantly improves the classification accuracy of the cur-
rent approach increases even more the computational effort and the overall time for training. For this reason, a local opti-
mization strategy was selected, which however, does not ensure the best results (global optimization could be feasible in
case where the number of patterns is reduced).

7. Conclusions

A two-stage methodology for sequence classification has been presented along with an extensive evaluation. The meth-
odology provides high classification results in the sequence classification problem, comparable or better with previously re-
ported works. The optimization stage introduced significantly improves the results and the optimal calculated parameters
can provide significant knowledge to the experts of the domain of application. Future work will focus on the use of methods
for sequential pattern selection and the employment of specific types of patterns such emergent sequential patterns [12],
minimal distinguishing sequential patterns [21], or sequential patterns extracted using contrast data mining techniques
[5]. Also, the employment of different scoring functions and other machine learning approaches, such as lineal modelling
or neural networks, for identifying the optimal weight values will be addressed. Finally, the extension of the methodology
in order to handle time series, through the use of discretization techniques will be examined.

Appendix A. Sequential pattern mining – definitions and terminology

Sequential pattern mining is a common form of local-pattern discovery in unsupervised learning systems. The problem of
SPM is defined as follows [2]: Let I = {i1, i2, . . . , io} be a set of items. A subset X � I is an itemset and jXj is the size of X. A
sequence s = (s1,s2, . . . ,sp) is an ordered list of itemsets, where si � I, i 2 {1, . . . ,p}. The size, p, of a sequence is the number
of itemsets in the sequence, i.e. jsj. The length l of a sequence s = (s1,s2, . . . ,sp) is defined as

Pp
i¼1jsij. A sequence with length

l is an l-sequence. A sequence sa = (a1,a2, . . . ,aq) is contained in another sequence sb = (b1,b2, . . . ,br) if there exist integers
1 6 i1 < i2 < � � � < iq 6 r such that a1 � bi1 ; a2 � bi2 ; . . . ; aq � bir .

In SPM, a database D is a set of tuples (sid, tid,X), where sid is a sequence-id, tid is a transaction-id based on the transaction
time and X is an itemset such that X � I. Each tuple in D is referred to as a transaction. For a given sequence-id, there are no
transactions with the same tid. All transactions with the same sid can be viewed as a sequence of itemsets ordered by
increasing tid. Thus, an analogous representation for the database is a set of sequences of transactions and we refer to this
dual representation of D as its sequence representation.

The support of a sequence sa in the sequence representation of a database D is defined as the percentage of sequences
s 2 D which contain sa and is denoted by supD(sa). Given a support threshold minSup, a sequence sa is a frequent l-sequential
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pattern on D (or frequent l-sequence) with l being the length of the sequence, if supD(sa) P minSup. The problem of mining
sequential patterns is to find all frequent sequential patterns for a database D, given a support threshold minSup.

A.1. Sequential pattern mining constraints

Several constraints can be incorporated when mining sequential patterns [3,8]. One of the simplest constraints applied is
the gap constraint. This constraint imposes a limit in the maximum distance between two consecutive itemsets in the se-
quence. This simple constraint can be used to reflect the impact of an item on another one, in particular, when each trans-
action occurs at a particular instant of time (position). When using gap constraints, the notion of ‘‘contained in” is adapted: a
sequence sa = (a1,a2, . . . ,aq) is a d-distance subsequence of sb = (b1,b2, . . . ,br), if there exist integers 1 6 i1 < i2 < � � � < in 6 r such
that a1 � bi1 ; a2 � bi2 ; . . . ; aq � biq and is � is�1 6 d. A sequence sa is a contiguous subsequence of sb if sa is a 1-distance sub-
sequence of sb, i.e. the items of sa can be mapped to a contiguous segment of sb. Using d = 1 (maximum gap = 1) the possibility
of having gaps between consecutive items is eliminated. Similar to the maximum gap constraint is the minimum gap con-
straint, which states that the distance between two consecutive items must be larger than a specified value (is � is�1 > d0).

Appendix B. Roll optimization method

The Roll optimization method [13,32] works as follows: for each variable Xi there exists an associated step si. For a prob-
lem where the objective function depends on n variables the procedure described below is repeated n times, i = 1,2,3, . . . ,n.
Let Xc ¼ ðXc

1;X
c
2; . . . ;Xc

nÞ be the current point and let fc = f(Xc).

(1) Pick a trial point: Xt
j ¼ Xc

j for all j 6¼ i and Xt
i ¼ Xc

i þ si.
(2) Calculate f+ = f(Xt).
(3) If f+ < fc set Xc = Xt, fc = f+ and si = asi proceed from step 1 for the next value of i.
(4) If f+ P fc pick another trial point as: Xt

j ¼ Xc
j for all j 6¼ i and Xt

i ¼ Xc
i � si.

(5) Calculate f� = f(Xt).
(6) If f� < fc set Xc = Xt, fc = f� and si = �asi proceed from step 1 for the next value of i.
(7) If f�P fc calculate an appropriate step by: si ¼ � 1

2 ðfþ � f�Þ=ðfþ þ f� � 2f cÞsi.
(8) Proceed from step 1 for the next value of i.

a, is an enhancement factor chosen by the user. If after looping over all variables there is no progress, a line search is
performed in the direction s = (s1,s2, . . . ,sn). The above procedure is repeated until a preset number of calls to the objective
function is reached, whereupon control is transferred to the calling program. The routine is terminated also when a preset
number of failures is reached. We consider as a failure the case where either looping over all variables or after having
performed the line search, the relative progress made (i.e. [finitial � ffinal]/[finitial]) is less than a threshold.
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