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Abstract
To eliminate false positive differential sequence patterns from the results re-
turned by differential sequence pattern mining algorithms, we propose an al-
gorithm SP-DSP based on standard permutation hypothesis testing. The algo-
rithm first employs the GSP algorithm to mine frequent sequence patterns, then
generates a candidate set of differential sequence patterns based on a Growth
rate threshold, and utilizes standard permutation testing to calculate the p-
value for each pattern in the candidate set, and finally applies multiple hypoth-
esis testing correction to filter out false positive differential sequence patterns.
Experimental results demonstrate that the SP-DSP algorithm can remove a cer-
tain number of false positive patterns while preserving true differential sequence
patterns as much as possible, thereby improving the accuracy of subsequent clas-
sification tasks.
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this paper proposes a standard permutation hypothesis testing-based algorithm
called SP-DSP. The algorithm first employs the GSP algorithm to mine frequent
sequential patterns, then generates a candidate set of discriminative sequential
patterns based on a Growth rate threshold. It subsequently uses standard per-
mutation testing to calculate the p-value for each pattern in the candidate set,
and finally applies multiple hypothesis testing measures to filter out false posi-
tive discriminative sequential patterns. Experimental results demonstrate that
the SP-DSP algorithm can remove a certain number of false positive patterns
while preserving as many true discriminative sequential patterns as possible,
thereby improving the accuracy of downstream classification tasks.

Keywords: discriminative sequential pattern mining; pattern assessment; mul-
tiple hypothesis testing; standard permutation testing

Mining Discriminative Sequential Patterns Based on Standard Per-
mutation Testing

Wu Jun, Ouyang Aijia, Zhang Lin
(School of Information Engineering, Zunyi Normal University, Zunyi Guizhou
563000, China)

Abstract: To filter out false positive patterns returned from discriminative se-
quential pattern mining methods, this paper proposes a standard permutation-
based method called SP-DSP. This method first mines frequent sequential pat-
terns using the GSP algorithm, then eliminates patterns whose Growth rate is
less than the threshold. Finally, the standard permutation method is used to
compute the p-values of tested patterns. As a result, the number of false positive
patterns can be controlled under multiple hypothesis testing measures. Exper-
iments show that the SP-DSP algorithm can alleviate a large number of false
positive patterns and retain as many true patterns as possible, which improves
the accuracy of downstream classification tasks.

Key words: discriminative sequential pattern mining; pattern assessment; mul-
tiple hypothesis testing; standard permutation testing

0 Introduction
Sequential data refers to data where elements have a certain sequential relation-
ship. Common examples include web browsing sequences, protein sequences,
and human language. In sequential data with class labels, certain sequential
patterns exhibit significantly different frequencies across different classes. Such
patterns are called discriminative sequential patterns [1], which hold consider-
able value in many applications such as medicine [2–5].

To date, several effective discriminative sequential pattern mining algorithms
have been proposed [6–8]. These methods primarily focus on how to quickly
and efficiently mine discriminative sequential patterns, but pay little attention
to the validity of the discovered patterns. Consequently, the results returned
by these algorithms contain a certain number of false positive discriminative
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sequential patterns. False positive discriminative sequential patterns refer to
patterns that appear randomly in the dataset and do not reflect the true charac-
teristics of the population. Employing such patterns in subsequent research may
lead to erroneous results. Statistical significance testing can be used to evaluate
the quality of mining results and thereby filter out false positive discriminative
sequential patterns.

In statistical significance testing, the significance of a result is measured by its
p-value. A smaller p-value indicates stronger statistical significance. When only
one discriminative sequential pattern is being tested, if its p-value is less than a
threshold 𝛼, the pattern is considered statistically significant at significance level
𝛼. In many practical situations, multiple discriminative sequential patterns need
to be tested simultaneously, a scenario known as multiple hypothesis testing.
FWER (family-wise error rate) [9] and FDR (false discovery rate) [10] are two
commonly used measures for controlling the number of false positive results in
multiple hypothesis testing.

In recent years, using statistical significance testing methods to evaluate data
mining results has been extensively studied. For discriminative pattern mining
in non-sequential data, Webb proposed two techniques to test pattern validity:
the holdout method and the direct computation method [11]. Liu et al. summa-
rized several multiple hypothesis testing algorithms in association rule mining
and categorized them into three classes [12], among which permutation testing-
based methods are the most effective. Subsequently, several improved permu-
tation testing algorithms have been proposed and applied to discriminative pat-
tern mining [13, 14]. Komiyama et al. proposed two methods, LAMP-EP and
QT-LAMP-EP, to control FWER and FDR metrics respectively [15]. These
methods have achieved excellent results in discriminative pattern mining for
non-sequential data.

Recently, to validate the effectiveness of multiple hypothesis testing for discrim-
inative sequential pattern mining tasks, He et al. designed a direct computation-
based method called DSPM-MTC to control the number of false positive pat-
terns [1]. DSPM-MTC directly calculates the p-value for each discriminative
sequential pattern based on the property that support follows a hypergeometric
distribution. Given that permutation testing methods are more effective than
direct computation methods in non-sequential data tasks [12], this paper pro-
poses a discriminative sequential pattern mining algorithm based on standard
permutation testing, namely the SP-DSP algorithm. The algorithm first uses
the GSP algorithm to mine candidate discriminative sequential patterns [16],
then performs standard permutation testing on the original data to obtain the
corresponding permutation null distribution, and finally calculates the p-values
of candidate discriminative sequential patterns from this null distribution. It
employs FWER and FDR measures to control the number of false positive dis-
criminative sequential patterns in the results under statistical significance level
𝛼. The main contributions of this paper are as follows:

a) We propose a discriminative sequential pattern mining algorithm SP-DSP
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based on standard permutation testing, which can control the number of
false positive discriminative sequential patterns in mining results under
statistical significance level 𝛼.

b) Experimental results on real datasets demonstrate that the SP-DSP algo-
rithm can filter out a certain number of false positive patterns and retain
more true discriminative sequential patterns than the DSPM-MTC algo-
rithm.

c) We demonstrate that applying multiple hypothesis testing can improve the
credibility of discriminative sequential pattern mining algorithm results.

1.1 Frequent Sequential Patterns
A sequence 𝑠 = ⟨𝑎1, 𝑎2, … , 𝑎𝑙⟩ is an ordered linear list composed of elements from
an alphabet 𝐼 = {𝑖1, 𝑖2, … , 𝑖|𝐼|}, where 𝑎𝑗 ∈ 𝐼 . For sequences 𝑠1 = ⟨𝑎1, 𝑎2, … , 𝑎𝑙⟩
and 𝑠2 = ⟨𝑎′

1, 𝑎′
2, … , 𝑎′

𝑚⟩, if every element 𝑎′
𝑗 ∈ 𝑠2 also appears in 𝑠1 and con-

forms to the element order of 𝑠1, then 𝑠2 is called a subsequence of 𝑠1, denoted
as 𝑠2 ⊆ 𝑠1. For example, given a sequence 𝑠 = ⟨𝑖1, 𝑖3, 𝑖5, 𝑖6, 𝑖8⟩, both ⟨𝑖1, 𝑖3⟩ and
⟨𝑖5, 𝑖8⟩ are subsequences of 𝑠, while ⟨𝑖5, 𝑖3⟩ is not a subsequence of 𝑠 because it
does not satisfy the element order of 𝑠.

Given a sequential dataset 𝐷 = {𝑡1, 𝑡2, … , 𝑡|𝐷|}, the support of sequence 𝑠 in 𝐷
is defined as the total number of sequences in 𝐷 that contain 𝑠, i.e., sup(𝑠, 𝐷) =
|{𝑡|𝑡 ∈ 𝐷 ∧ 𝑠 ⊆ 𝑡}|. If the support of a sequence 𝑠 exceeds a user-defined
threshold min_sup, the sequence is called a frequent sequential pattern.

1.2 Discriminative Sequential Pattern Mining
For sequential data with class labels, some sequences exhibit significant fre-
quency differences across different class labels. Such sequences are called dis-
criminative sequential patterns, where the differences across classes can be mea-
sured by various discriminative measures [17]. For ease of discussion, we adopt
sequential data containing only two class labels, denoted as 𝐷+ and 𝐷− respec-
tively. The proposed method can be easily extended to sequential data with
multiple class labels.

Non-statistical discriminative sequential pattern mining algorithms can gener-
ally be divided into two steps. First, a frequent sequential pattern mining
algorithm is used to mine a certain number of candidate discriminative sequen-
tial patterns. Then, the discriminative measure values of these patterns are
calculated, and those meeting the given threshold constraints are identified as
discriminative sequential patterns.

1.3 Statistical Significance Testing
Statistical significance testing involves two hypotheses: the null hypothesis and
the alternative hypothesis. The null hypothesis for discriminative sequential
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pattern mining tasks is that discriminative sequential patterns have the same
distribution in 𝐷+ and 𝐷− datasets. In this task, the statistical significance of
each discriminative sequential pattern is measured by its p-value. The p-value is
defined as the probability of obtaining a discriminative sequential pattern that
is as extreme as or more extreme than pattern 𝑠, assuming that 𝑠 has the same
distribution in 𝐷+ and 𝐷−. The smaller the p-value of a discriminative sequen-
tial pattern, the less likely it is to have the same distribution across different
classes. When testing a single discriminative sequential pattern independently,
if its p-value is less than a threshold 𝛼, the pattern is called a statistically
significant discriminative sequential pattern at significance level 𝛼.

Discriminative sequential pattern mining algorithms typically return a large
number of patterns. Using independent testing methods would lead to an in-
crease in false positive results, making this scenario more suitable for multiple
hypothesis testing. In multiple hypothesis testing, FWER and FDR are two
commonly used statistical measures. FWER is defined as the probability of dis-
covering a false positive discriminative sequential pattern, while FDR is defined
as the expected proportion of false positive discriminative sequential patterns.
FWER can be controlled using Bonferroni correction [9], and FDR can be con-
trolled using the BH method [10].

2.1 Discriminative Measure
The SP-DSP algorithm adopts Growth rate as the discriminative measure for
sequential patterns. Given a frequent sequential pattern 𝑠, its Growth rate is
calculated as follows: If the Growth rate of a pattern, denoted as Grow(𝑠, 𝐷), is
greater than or equal to a user-defined discriminative threshold 𝛽, the pattern
is called a candidate discriminative sequential pattern.

2.2 Permutation Testing
The standard permutation testing used in SP-DSP consists of five steps:

a) Establish a null hypothesis based on the specific task, select a statistical
measure that has different values under the null and alternative hypothe-
ses, and mine candidate discriminative sequential patterns 𝑅 from the 𝐷+

dataset. The null hypothesis of the SP-DSP algorithm is that discrimina-
tive sequential patterns have different distributions in 𝐷+ and 𝐷−, and
the selected statistical measure is Growth rate.

b) Randomly exchange sequence data between 𝐷+ and 𝐷− to obtain per-
muted sequence datasets: 𝐷′+ and 𝐷′−. The permutation process is il-
lustrated in Figure 1 [Figure 1: see original paper]. Suppose 𝐷 contains
8 sequence data items {𝑡1, 𝑡2, … , 𝑡8}, where the first 5 belong to the 𝐷+

dataset and the last 3 belong to the 𝐷− dataset. Randomly generate a
permutation sequence: 7, 5, 1, 4, 2, 3, 8, 6. Based on this sequence, assign
the label of 𝑡1 to 𝑡7, the label of 𝑡2 to 𝑡5, and so on, to obtain the permuted

chinarxiv.org/items/chinaxiv-202009.00090 Machine Translation

https://chinarxiv.org/items/chinaxiv-202009.00090


sequence dataset.

c) Mine discriminative sequential patterns from the 𝐷′+ sequence dataset
and place the corresponding statistical measure values into set 𝐺.

d) After repeating steps 2 and 3 several times, construct the null distribu-
tion of this permutation test using the statistical measure values in set 𝐺.
Typically, 1000 permutations are performed.

e) Place the statistical measure values of candidate discriminative sequential
patterns in 𝐷+ into the above null distribution to calculate the permuta-
tion test p-value. The calculation formula is where 𝑔𝑗 refers to the statis-
tical measure value of discriminative sequential pattern 𝑠 on the original
dataset.

2.3 Multiple Hypothesis Testing
After obtaining the p-values of candidate discriminative sequential patterns
through permutation testing, the SP-DSP algorithm uses Bonferroni correction
and the BH method to control the FWER and FDR of the mining results 𝑅
under statistical significance level 𝛼. The FWER calculation formula is When
calculating FDR, the p-values of discriminative sequential patterns in 𝑅 must
first be sorted in ascending order to obtain 𝑅′ = {𝑠′

1, 𝑠′
2, … , 𝑠′

|𝑅|}, after which
we can calculate:

2.4 SP-DSP Algorithm
The pseudocode of the SP-DSP algorithm is shown in Algorithm 1, with detailed
explanations as follows:

a) Use the gsp(𝐷+, min_sup) algorithm to mine frequent sequential patterns
in the 𝐷+ sequence dataset with support no less than min_sup, and place
them into set Freq (line a). Calculate the Growth rate value for each fre-
quent sequential pattern in set Freq, and place patterns exceeding thresh-
old 𝛽 into set 𝑅. The patterns in 𝑅 are candidate discriminative sequential
patterns (lines b–e).

b) For each permutation 𝑗, first use the permutate(𝐷) method to permute
class labels and obtain permuted datasets 𝐷′+ and 𝐷′−. Then, use the
gsp(𝐷′+, min_sup) algorithm to mine frequent sequential patterns in 𝐷′+

and place them into set Freq_per𝑗. Next, use the com_sta(Freq_per𝑗, 𝛽)
method to calculate the Growth rate value for each frequent sequential
pattern in Freq_per𝑗, and place values exceeding 𝛽 into set 𝐺𝑗. Finally,
merge the Growth rate values in 𝐺𝑗 into set 𝐺 (lines f–k). All Growth
rate values in 𝐺 constitute the null distribution of this permutation test.

c) Place the discriminative measure value of each candidate discriminative
sequential pattern in set 𝑅 into the null distribution to calculate its p-
value (lines l–n). Then, filter out non-redundant candidate discriminative
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sequential patterns to obtain set 𝑅′ based on each pattern’s p-value (line
o). Finally, use Bonferroni correction to control the FWER of 𝑅′ under
statistical significance level 𝛼, and save statistically significant discrimina-
tive sequential patterns into set 𝑅′

FWER. Similarly, use the BH method
to control the FDR of 𝑅′ under statistical significance level 𝛼, and save
statistically significant discriminative sequential patterns into set 𝑅′

FDR
(lines p–q).

Algorithm 2 describes the detailed steps of the redundancy removal method
redundancy_filter(𝑅): For each candidate discriminative sequential pattern 𝑟,
first find its corresponding subpattern set Sub. Then find the minimum p-value
min_p among them. If 𝑟’s p-value is less than min_p, place 𝑟 into the non-
redundant candidate discriminative sequential pattern set 𝑅′. Finally, return
𝑅′ for subsequent evaluation.

2.5 Experimental Data
Four sequence datasets of different sizes were selected for the experiments:
Linux1_5 [18], Question [19], WebKB [20], and Reuters [21]. Among them,
Linux1_5, WebKB, and Reuters are multi-class datasets; in the experiments,
only the two classes with the largest number of sequences were retained from
these three datasets. Detailed dataset information is shown in Table 1 , where
𝑙min, 𝑙max, and 𝑙avg represent the minimum, maximum, and average sequence
lengths, respectively.

2.6 Experimental Results
To evaluate the performance of the SP-DSP algorithm, extensive comparative
experiments were conducted on real datasets. The comparison algorithms are
the IMP algorithm [6], CGM algorithm [8], and DSPM-MTC algorithm [1].
DSPM-MTC is a discriminative sequential pattern mining algorithm based on
multiple hypothesis testing, while IMP and CGM are discriminative sequential
pattern mining algorithms based on discriminative measures. Both IMP and
CGM use the redundancy removal method employed in [1]. All experiments
were run on a computer with a 2.40 GHz CPU and 12 GB memory.

The experiments first compared the number of discriminative sequential pat-
terns returned by SP-DSPFDR, DSPM-MTCFDR, IMP, and CGM on different
datasets under the same min_sup, 𝛼, and 𝛽 parameters. The results are shown
in Figure 2 [Figure 2: see original paper], which clearly demonstrates that SP-
DSPFDR and DSPM-MTCFDR return fewer patterns than IMP and CGM. This
is because discriminative measure constraints only focus on the patterns them-
selves, while multiple hypothesis testing evaluates the entire set of returned
results, making algorithms based on multiple hypothesis testing impose stricter
quality constraints on the results.

Subsequently, the experiments compared the number of discriminative sequen-
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tial patterns returned by SP-DSP and DSPM-MTC under FWER and FDR
constraints with the same parameters. The results are shown in Table 2 . The
results indicate that under the same FDR or FWER constraint, SP-DSP returns
more patterns than DSPM-MTC, demonstrating that permutation testing-based
methods can report more results than direct computation-based methods. Ad-
ditionally, the same method reports fewer discriminative sequential patterns
under FWER constraint than under FDR constraint, proving that FWER im-
poses stricter constraints than FDR.

These experimental results show that compared with non-multiple hypothesis
testing methods IMP and CGM, SP-DSP can filter out a large number of pat-
terns; compared with the multiple hypothesis testing method DSPM-MTC, SP-
DSP can retain more discriminative sequential patterns.

Since real datasets lack ground truth information about discriminative sequen-
tial patterns, the above results cannot directly demonstrate that SP-DSP finds
more accurate patterns than other methods. To prove the accuracy of the min-
ing algorithm, subsequent experiments used the mined patterns as features for
classification prediction tasks [22]. Classification tasks can validate pattern ac-
curacy because true discriminative sequential patterns reflect the distributional
differences between different class datasets, which correspond to class labels.
Specifically, based on the number of mined discriminative sequential patterns,
each sequence in the dataset was constructed into a vector of the same size as
a feature representation. If a sequence contains a particular pattern, the value
for that feature is 1; otherwise, it is 0.

Considering the impact of different classification methods, three classification
methods with different mechanisms were used: Naive Bayes (NB), Support Vec-
tor Machine (SVM), and Multi-Layer Perceptron (MLP). To avoid randomness,
each classification method used five-fold cross-validation, and the average of ten
prediction results was taken as the final classification accuracy. The detailed
experimental results are shown in Tables 3 –5.

From the experimental results of the three classification methods, we can ob-
serve: First, the classification accuracy using features constructed from SP-
DSPFDR and DSPM-MTCFDR results is significantly higher than that using
features from IMG and GCM results, demonstrating that multiple hypothesis
testing indeed filters out many false positive discriminative sequential patterns.
Taking the Question dataset as an example, the IMG and GCM mining results
contain the pattern ⟨where, the⟩, while SP-DSPFDR and DSPM-MTCFDR re-
sults only contain ⟨where⟩. Many sequences in the Question dataset contain the
definite article“the,”which has no substantive meaning, so using it as a feature
is likely to cause misclassification.

Second, the accuracy of SP-DSPFDR results is higher than that of DSPM-
MTCFDR results, indicating that the additional discriminative sequential pat-
terns retained by permutation testing are likely true patterns. Taking the Ques-
tion dataset as an example, SP-DSPFDR results contain patterns ⟨what⟩ and
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⟨what, in⟩, while DSPM-MTCFDR results only contain ⟨what⟩. Observing the
final misclassification results reveals that DSPM-MTCFDR misclassifies 6 se-
quences containing the ⟨what, in⟩ pattern from the positive class to the nega-
tive class, while SP-DSPFDR can classify all of them correctly, suggesting that
⟨what, in⟩ is likely a true discriminative pattern.

Furthermore, the low accuracy of GCM on the WebKB and Reuters datasets
demonstrates the severe misleading effect of false positive patterns on down-
stream tasks. Meanwhile, IMG and GCM algorithms are more sensitive to
different classification methods because they generate more interfering features.

3 Conclusion
To improve the accuracy of discriminative sequential pattern mining tasks, we
propose the SP-DSP algorithm based on standard permutation testing. Experi-
mental results on real datasets prove that applying multiple hypothesis testing
can enhance the credibility of discriminative sequential pattern mining algo-
rithms. Compared with the DSPM-MTC method, the SP-DSP algorithm can
retain as many true discriminative sequential patterns as possible. Due to the
randomness of standard permutation testing, the number of statistically signifi-
cant discriminative sequential patterns returned by the SP-DSP algorithm may
fluctuate. This experiment uses the average of ten algorithm runs as the final
result; future work will investigate the selection problem of borderline patterns.
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