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Abstract. In this paper, we propose some improvements to the Sequen-
tial Patterns-based Classifiers. First, we introduce a new pruning strat-
egy, using the Netconf as measure of interest, that allows to prune the
rules search space for building specific rules with high Netconf. Addi-
tionally, a new way for ordering the set of rules based on their sizes and
Netconf values, is proposed. The ordering strategy together with the
“Best K rules” satisfaction mechanism allow to obtain better accuracy
than SVM, J48, NaiveBayes and PART classifiers, over three document
collections.
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1 Introduction

Classification based on Sequential Patterns (CSPa), introduced in [6], integrates
Classification Rule Mining [1] and Sequential Pattern Mining [2]. This inte-
gration involves mining a subset of Sequential Patterns-based Rules (SPaRs).
Sequential patterns-based classification has been used in different tasks, for
example: text classification [3], document-specific keyphrase extraction [4], and
web document classification [5], among others.

CSPa aims to mine a set of SPaRs from a class-transaction dataset. A clas-
sifier based on this approach usually consists of an ordered SPaR list l, and
a mechanism for classifying new transactions using l. It is common to confuse
sequences with itemsets. Unlike an itemset, in which an item can occur at most
once, in a sequence an itemset can occur multiple times. Additionally, in itemset
mining, (abc) = (cba) but in sequence mining, 〈(ab) c〉 �= 〈c (ab)〉. In CSPa, it
is assumed that a set of items I = {i1, i2, ..., in}, a set of classes C, and a set
of transactions T are given, where each transaction t ∈ T consists of a sequence
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〈α1 α2 ... αn〉, so that αi ⊆ I, and a class c ∈ C. The Support of a sequence α,
denoted as Sup(α), is the fraction of transactions in T containing α (see Eq. 1).

Sup(α) =
|Tα|
|T | (1)

where Tα is the set of transactions in T containing α (see Def. 1) and | · | is the
cardinality operator.

Definition 1. Let α = 〈α1 α2 ... αn〉 and β = 〈β1 β2 ... βm〉 be sequences, we
will say that α is contained in β if there exists integers 1 ≤ j1 < j2 < ... < jn ≤ m
such that α1 ⊆ βj1 , α2 ⊆ βj2 , ..., αn ⊆ βjn , with βji ∈ β.

A SPaR is an implication of the form α ⇒ c where α is a sequence and c ∈ C.
The size of a SPaR is defined as its cardinality, a SPaR containing k itemsets
(including the class) is called a k-SPaR. The rule α ⇒ c is held in T with
certain Support and Confidence (see Eqs. 2 and 3). If the measure values used
to compute and evaluate a SPaR r : α ⇒ c are greater than to a user-specified
threshold, r is declared to be an interesting SPaR.

Sup(α ⇒ c) = Sup(α ⊗ 〈c〉) (2)

where ⊗ is the concatenation operator (see Def. 2).

Conf(α ⇒ c) =
Sup(α ⇒ c)

Sup(α)
(3)

Definition 2. Let α = 〈α1 α2 ... αn〉 and β = 〈β1 β2 ... βm〉, we will call the
sequence 〈α1 α2 ... αn β1 β2 ... βm〉 the concatenation of α and β, and we will
use the operator ⊗ to indicate it.

The accuracy of the sequential patterns-based classifiers depend on four main
elements: (1) the quality measure used to generate the SPaRs, (2) the pruning
strategy, (3) the ordering strategy and (4) the mechanism used for classifying
unseen transactions. Therefore, any of the main sequential patterns mining algo-
rithms (GSP [6], PrefixSpan [7], LAPIN [8] and PRISM [9]) can be adapted to
generate the SPaRs.

Currently, all classifiers based on sequential patterns use the Support and
Confidence measures for computing and ordering the set of SPaRs. However,
several authors have pointed out some drawbacks of these measures [10], for
example, Confidence detects neither statistical independence nor negative depen-
dence among items (misleading rules).

Many studies [2,6] have indicated the high number of rules that could be
generated using a small Support threshold. To address this problem, recent works
[11] prune the rules search space each time that a rule satisfies both Support
and Confidence thresholds, it means that rules satisfying both thresholds are
not extended anymore. Using this strategy, it is more frequent the generation of
general (short) rules than the generation of specific (large) rules, some of which
could be more interesting.



710 J.K. Febrer-Hernández et al.

In order to overcome these drawbacks, in this paper we propose some general
improvements to the sequential patterns-based classifiers. The rest of the paper
is organized as follows. The next section describes the related work. Our proposal
are presented in section three. In the fourth section the experimental results are
shown. Finally, the conclusions are given in section five.

2 Related Work

In the last decades, some works have used sequential patterns to increase the
accuracy of classifiers. The sequential pattern mining algorithms can be split into
two main groups: (1) apriori-like algorithms (GSP [6]) and (2) pattern-growth
based algorithms (PrefixSpan [7], LAPIN [8], PRISM [9]).

Once the SPaRs are generated, these are ordered. For this task there are
six main strategies reported in the literature: Confidence-Support-Antecedent,
Antecedent-Confidence-Support, Weighted Relative Accuracy, Laplace Expected
Error Estimate, Chi-Square and L3. In [12], the authors show that the L3 rule
ordering strategy obtains the best results of all strategies mentioned above. How-
ever, all these ordering strategies are based on Confidence measure.

Once a SPaR-based classifier has been built, usually presented as a list of
sorted SPaRs, there are three main mechanisms for classifying unseen data [11].

– Best rule: This mechanism assigns the class of the first (“best”) rule in the
order that satisfies the transaction to be classified.

– Best K rules: This mechanism selects the best K rules (for each class) that
satisfy the transaction to be classified and then the class is determined using
these K rules, according to different criteria.

– All rules: This mechanism selects all rules that satisfy the unseen transac-
tion and then these rules are used to determine their class.

Since the “Best K rules” mechanism has been the most widely used for rule-
based classification, reporting the best results, we will use it in our experiments.

3 Our Proposal

In the next subsections we describe a procedure, called SPaRs-Gen, to generate
the set of interesting SPaRs (subsection 3.3), which uses the Netconf measure
to evaluate the candidate SPaRs (subsection 3.1) and applies a new pruning
strategy (subsection 3.2).

3.1 Netconf Measure

All classifiers based on sequential patterns use the Support and Confidence mea-
sures for mining the set of SPaRs. However, several authors have pointed out
some drawbacks of these measures that could lead us to discover many more
rules than it should [10]. In particular, the presence of items with high Support
can lead us to obtain misleading rules (see Ex. 1) because higher-Support items
appear in many transactions and they could be predicted by any itemset.
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Example 1. Without loss of generality, let us assume that Sup(X) = 0.4,
Sup(Y ) = 0.8 and Sup(X ⇒ Y ) = 0.3, therefore Sup(¬X) = 1 - Sup(X) = 0.6
and Sup(¬X ⇒ Y ) = Sup(Y ) - Sup(X ⇒ Y ) = 0.5. If we compute Conf(X ⇒
Y ) we obtain 0.75 (a high Confidence value) but Y occurs in 80% of the trans-
actions, therefore the rule X ⇒ Y does worse than just randomly guessing. In
this case, X ⇒ Y is a misleading rule.

On the other hand, in [13] the authors proposed a measure, called Netconf
(see Eq. 4), to estimate the strength of a rule. In general, this measure solves
the main drawbacks of the Confidence measure, reported in other works [10].

Netconf(X ⇒ Y ) =
Sup(X ⇒ Y ) − Sup(X)Sup(Y )

Sup(X)(1 − Sup(X))
(4)

The Netconf has among its main advantages that it detects the misleading
rules obtained by the Confidence. For the Ex. 1, Netconf(X ⇒ Y ) = −0.083
showing a negative dependence between the antecedent and the consequent.
Therefore, in this paper we propose to use the Netconf measure instead of Sup-
port and Confidence for computing and ordering the set of interesting SPaRs.

3.2 Pruning Strategy

Most of the algorithms in SPaR-based classification [6] prune the SPaRs search
space each time a SPaR satisfying the defined thresholds is found, it produces
general (small) rules reducing the possibility of obtain specific (large) rules, some
of which could be more interesting. Besides, since the defined threshold(s) must
be satisfied, many branches of the rules search space could be explored in vain.

In our proposal, instead of pruning the SPaR search space when a SPaR
satisfies the Netconf threshold, we propose the following pruning strategy:

– If a SPaR r does not satisfy the Netconf threshold minNF (r.NF ≤
minNF ) we do not extend it anymore avoiding to explore this part of the
SPaR search space in vain.

– Let r1 : α ⇒ c and r2 : β ⇒ c be SPaRs, if the SPaR r : 〈α ⊗ β〉 ⇒ c
satisfies the Netconf threshold but r.NF < r1.NF and r.NF < r2.NF then
we prune r avoiding to generate SPaRs with less quality than their parents.

The intuitive idea (or hypothesis) behind this pruning strategy is that specific
rules with high values of quality measure are better to classify than general rules
with high values of quality measure.

3.3 Generating and Ordering the SPaRs

In this section, we describe the procedure (called SPaRs-Gen) to generate de set
of interesting SPaRs, which uses the Netconf measure to evaluate the candidate
SPaRs and applies the pruning strategy introduced in section 3.2.

Let α ⇒ c be an interesting SPaR and T be a set of transactions, SPaRs-Gen
stores for each t ∈ T , a list with the occurrence positions of α in t (see Def. 3).
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Definition 3. Let α = 〈α1 α2 ... αn〉 and β = 〈β1 β2 ... βm〉 be sequences such
that α is contained in β (i.e. exists integers 1 ≤ j1 < j2 < ... < jn ≤ m such
that α1 ⊆ βj1 , α2 ⊆ βj2 , ..., αn ⊆ βjn), we will call occurrence position of α in
β (occP (α, β)) to the least position of all possible βjn in β, if | α |> 2, and the
set of positions of all possible βjn in β, if | α |≤ 2.

Similar to the reported algorithms for frequent sequence mining [6–9], in a
first step, SPaRs-Gen obtains the set of 3-SPaRs by combining the 2-SPaRs
belonging to the same class. The pseudo code of the 3-SPaRs generation is not
described for simplicity. However, is valid to remember that, as we mentioned
above, SPaRs-Gen stores for each interesting SPaR α ⇒ c (of any size) and for
each transaction t ∈ T , a list with the occurrence positions of α in t. Unlike
the reported algorithms, which generate the k-SPaRs either by combining the
interesting (k − 1)-SPaRs with a common k − 2 prefix or by using a depth first
search strategy, SPaRs-Gen computes the k-SPaRs (k > 3) by combining the
interesting (k − 1)-SPaRs and the interesting 3-SPaRs (see Alg. 1).

Algorithm 1. Pseudo code for computing the interesting k-SPaRs
Input: Set of interesting (k − 1)-SPaRs, set of interesting 3-SPaRs and Netconf threshold

minNF .
Output: Set of interesting k-SPaRs.
L1 = (k − 1)-SPaRs, L2 = 3-SPaRs, L3 = ∅1
foreach c ∈ C do2

foreach (r1 = 〈α1 ... αk−1〉 ⇒ c) ∈ L1 and (r2 = 〈αk−1 β〉 ⇒ c) ∈ L2 do3
foreach t ∈ T do4

if ∃op1 (op1 ∈ occP (〈αk−1 β〉, t) and op1 > occP (〈α1 ... αk−1〉, t)) then5
r3 = 〈α1 ... αk−1〉 ⊗ 〈β〉 ⇒ c6
Computes the Netconf NF of r37
if (r3.NF > minNF ) and8

(r3.NF ≥ r1.NF or r3.NF ≥ r2.NF ) then9
L3 = L3 ∪ {r3}10

end11

end12

end13

end14

end15
return L316

In line 3 of Algorithm 1, the (k−1)-SPaRs are combined with the 3-SPaRs to
generate the candidate k-SPaRs. In line 5, the definition of occurrence position
is applied. Finally, the candidate SPaRs are built in line 6, their Netconf values
computed in line 7 and, the pruning strategy verified in lines 8 − 9.

Once the set of SPaRs has been generated, it is sorted. As mentioned in
section 3.2, for classifying, we propose to use specific (large) rules with high
Netconf; for this purpose, we sort the set of SPaRs in a descending order accord-
ing to their sizes (the largest first) and in case of tie, we sort the tied SPaRs in
a descending order according to their Netconf (the highest values first).

The intuitive idea behind this ordering strategy is that large rules should be
preferred before short rules because in general more specific rules have a higher
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Netconf than general rules. In case of tie in size, rules with high Netconf values
should be preferred before rules with low Netconf values.

For classifying unseen transactions, we decided to follow the “Best K rules”
mechanism, because the “Best rule” mechanism could suffer biased classification
since the classification is based on only one rule; and the “All rules” mechanism
takes into account rules with low ranking, which could affects the accuracy.

4 Experimental Results

In this section, we report some experimental results where our proposal, called
SPaC-NF, is compared, over three document collections, against other classifiers
as NaiveBayes, PART [14], J48 [1], Support Vector Machines [15] and against
a classifier (SPaC-MR) built with the Main Results obtained in SPaR-based
classification. All these classifiers, with the exception of SPaC-NF and SPaC-
MR, were evaluated using Weka (http://www.weka.net.nz/).

The experiments were done using ten-fold cross-validation, reporting the
average over the ten folds. Our tests were performed on a PC with an Intel
Core 2 Quad at 2.50 GHz CPU with 4 GB DDR3 RAM, running on Windows 7
system. Similar to other works, experiments were conducted using several doc-
ument collections, three in our case: AFP (http://trec.nist.gov), TDT (http://
www.nist.gov) and Reuter (http://kdd.ics.uci.edu). The characteristics of these
datasets are shown in table 1.

Table 1. Tested datasets characteristics.

Dataset #instances #classes
AFP 711 22
TDT 2 978 92
Reuter 21 578 115

In the same way as in other works, for all used datasets, sentences are ordered
in each document. This means that the document is considered as being an
ordered list of sentences and each sentence is considered as being an unordered
set of words. Therefore, we represented the document as a sequence of itemsets
where each one corresponds with the set of words of each sentence.

In the experiments, different parameters for each classify were used. In case of
SVM classify, the weka default parameter values and a polynomial kernel were
used. For J48 and PART classifiers we used the confidence factor set to 0.25
and the minimum number of objects set to 2, as their authors suggested in [1];
additionally, for PART classifier we used the seed value set to 1. In SPaC-MR
we used the Confidence threshold set to 0.5 as was proposed in other works [12].
Finally, in SPaC-NF we used the Netconf threshold set to 0.5 (equivalent to 75
% if we map Netconf from [−1; 1] to [0; 1]) based on the study performed in [16].

In Table 2, the results show that SPaC-NF yields an average accuracy higher
than the other evaluated classifiers, having in average a difference in accuracy
of 3.2 % with respect to the classifier in the second place (SVM classifier).

http://www.weka.net.nz/
http://trec.nist.gov
http://www.nist.gov
http://www.nist.gov
http://kdd.ics.uci.edu
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Table 2. Comparison against other sequential patterns-based classifiers.

Dataset SVM J48 NaiveBayes PART SPaC-MR SPaC-NF
AFP 88.7 81.5 83.6 78.3 89.5 93.8
TDT 89.6 86.2 80.8 75.4 87.1 91.9
Reuter 82.5 79.3 78.2 75.7 80.3 84.7
Average 86.9 82.3 80.8 76.4 85.6 90.1

In Table 3, we show the impact of our improvements. For this, we compare
our approach (SPaC-NF) that uses the Netconf measure and obtains large rules
against a SPaR-based classifier (SPaC-MR) that uses the Confidence measure
and obtains short rules. Additionally, for both classifiers, we evaluate the best
rule ordering strategy reported (L3) and the strategy proposed by us, based on
their rule sizes (largest first) and Netconf values.

Table 3. Impact of the different improvements in a general SPaC-based classifier.

SPaC-MR SPaC-NF
Dataset L3 Size & NF L3 Size & NF
AFP 89.5 90.9 92.4 93.8
TDT 87.1 88.6 90.3 91.9
Reuter 80.3 81.8 83.5 84.7
Average 85.6 87.1 88.7 90.1

To show the better performance of sequential patterns-based classifiers over
the Class Association Rules (CARs) based classifiers in tasks of texts classifica-
tion, in Table 4 we compare our approach against the main CAR-based classi-
fiers. The results show how the own nature of the sequences, where the order is
important, make them more appropriated than CARs for texts classification.

Table 4. Comparison against the main CAR-based Classifiers.

Dataset CBA CMAR HARMONY CAR-NF SPaC-NF
AFP 72.8 74.2 76.3 77.5 93.8
TDT 74.2 74.3 72.4 74.8 91.9
Reuter 74.9 73.7 73.6 74.1 84.7
Average 73.9 74.1 74.1 75.5 90.1

5 Conclusions

In this paper, we have proposed some improvements to the Sequential Patterns-
based Classifiers. Firstly, we introduced a new pruning strategy for computing
SPaRs, using the Netconf as measure of interest. This pruning strategy allows
to obtain specific rules with high Netconf. Besides, we proposed a new way for
ordering the set of SPaRs using their sizes and Netconf values. The experimental
results show that SPaC-NF classifier has better performance than SVM, J48,
NaiveBayes, PART and SPaC-MR classifiers, over three document collections.
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