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Periodic frequent patterns are frequent patterns which occur at periodic intervals in databases.

They are useful in decision making where event occurrence intervals are vital. Traditional
algorithms for discovering periodic frequent patterns, however, often report a large number of

such patterns, most of which are often redundant as their periodic occurrences can be derived

from other periodic frequent patterns. Using such redundant periodic frequent patterns in

decision making would often be detrimental, if not trivial. This paper addresses the challenge of
eliminating redundant periodic frequent patterns by employing the concept of deduction rules in

mining and reporting only the set of non-redundant periodic frequent patterns. It subsequently

proposes and develops a Non-redundant Periodic Frequent Pattern Miner (NPFPM) to achieve

this purpose. Experimental analysis on benchmark datasets shows that NPFPM is e±cient and
can e®ectively prune the set of redundant periodic frequent patterns.
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1. Introduction

Frequent pattern mining and their applications have been widely researched on over

the past years. Several approaches and techniques have thus been proposed towards

discovering categories of frequent patterns for domain speci¯c applications. Such

approaches and techniques can be found in Refs. 1–7.
Regardless of the usefulness of frequent patterns in revealing frequently occurring

patterns in databases for decision making, they are incapable of revealing the oc-

currence shapes of patterns. A patterns' occurrence shape in a database comes in

handy when decisions based on the periodicity of an event within the database are

vital. For instance, in crime data analysis, frequently occurring crimes mined using

any frequent pattern mining algorithm will not be able to reveal the occurrence

shapes (periodic nature) of crimes in decision making. Revealing the occurrence

shapes of crimes with time could be useful in decision making towards curbing future

crimes. This usefulness of patterns' occurrence shapes in decision making resulted in

research on discovering periodic frequent patterns.

Over the past years, periodic frequent pattern mining in transactional databases

has been widely researched on. Several techniques and approaches have since been

developed for discovering interesting categories of periodic frequent patterns (PFPs)

in Refs. 8–13. Despite the numerous techniques and approaches proposed, one

challenge which still exists is eliminating periodic frequent patterns that are re-

dundant among those reported. This challenge exists as current approaches mostly

discover and report a large number of periodic frequent patterns, most of which are

often redundant since their periodic occurrences can be derived from the periodicities

of their proper subsets. Mining and using these redundant periodic frequent patterns

in decision making would not only consume memory, but could be detrimental if they

are false positively periodic.

To address this challenge and eliminate redundant periodic frequent patterns

during periodic frequent pattern discovery, this paper employs the concept of de-

duction rules in proposing and de¯ning the set of non-redundant periodic frequent

patterns. The proposed set of non-redundant periodic frequent patterns is not only

devoid of redundant information, but their periodic occurrences cannot be inferred

from other periodic frequent patterns.

The following are the main contributions of this paper in the discovery of periodic

frequent patterns:

. It introduces the concept of non-redundant periodic frequent patterns (as the set of

PFPs that are devoid of redundant information) which achieves a size reduction in

the number of reported periodic frequent patterns.

. It proposes and develops NPFPM, an e±cient algorithm for discovering the set of

non-redundant periodic frequent patterns.

The rest of the paper is presented as follows. The preliminaries and related works are

presented in Sec. 2, while Sec. 3 introduces the non-redundant periodic frequent
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patterns. Section 4 presents the proposed approach while Sec. 5 presents the ex-

perimental analysis. Section 6 outlines the conclusions and future works.

2. Preliminaries

The problem of frequent itemset mining is given as follows. Let I ¼ hi1; i2; . . . ; ini be
a set of items. A transaction database is a set of transactions D ¼ fT1;T2;T3; . . . ;Tkg
such that for each transaction Ta, Ta 2 I and Ta has a unique identi¯er a called its

transaction ID (TID). For example, consider the database in Table 1 (a sample

customer transaction database ��� which will be used a running example), the set of

items for this database become I ¼ ha; b; c; d; e; fi. Transaction T2 which has three

items fd; e; fg is a length-3 itemset.

The coverset of an itemset (S) in a database (D) denoted as covDðSÞ is de¯ned as

covDðSÞ ¼ fmjm 2 D ^ S � mg. For example, in Table 1, given S ¼ fa; bg, then covD
ðSÞ ¼ f1; 3; 5g since fa; bg appears in transactions 1, 3 and 5. The support count of S in

D is de¯ned as jcovDðSÞj and the support of S in D, denoted as supDðSÞ is de¯ned as

supDðSÞ ¼
jcovDðSÞj

jDj : ð1Þ

For instance, in Table 1, given S ¼ fa; bg, then supDðSÞ ¼ 3
6 ¼ 0:5 since jcovDðSÞj

¼ jf1; 3; 5gj ¼ 3 and jDj ¼ 6.

De¯nition 2.1 (Frequent Itemset Mining). The problem of frequent itemset

mining consists of discovering frequent itemsets.1 An itemset S is a frequent itemset

in a database D if its support supDðSÞ is not less than a user-speci¯ed minimum

support threshold minsup given by the user.

De¯nition 2.2 (Periods of an Itemset). Let D ¼ fT1;T2;T3; . . . ;Tkg be

a database in which an itemset S occurs with coverset covDðSÞ ¼
fn1;n2;n3; . . . ;nx�1;nxg, the periods of S in D denoted as PS is de¯ned as

PS ¼ fn1 � 0;n2 � n1;n3 � n2; . . . ;nx � nx�1; jDj � nxg.
For example, consider the itemset fa; bg in Table 1 (where jDj ¼ 6) which appears

in transactions T1;T3, and T5, with covDfa; bg ¼ 1; 3; 5, the periods of fa; bg will be

P ða;bÞ ¼ f1� 0; 3� 1; 5� 3; 6� 5g ¼ f1; 2; 2; 1g.

Table 1. Sample customer transactions.

TID Transaction

T1 fa; b; cg
T2 fd; e; fg
T3 fa; b; cg
T4 fc; d; fg
T5 fa; b; c; e; fg
T6 fd; eg

E±cient Mining of Non-redundant Periodic Frequent Patterns 3
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Though various de¯nitions have been proposed for periodic frequent patterns in

Refs. 8, 13 and 14, we present the de¯nition proposed in Ref. 11 since that is the

periodic frequent pattern de¯nition this paper adopts.

De¯nition 2.3 (Periodic Frequent Pattern11). Given a database D, minimum

support threshold ", periodicity threshold p, di®erence factor p1, a pattern S and PS,

S is a periodic frequent pattern if supDðSÞ � ", ðp� p1Þ � PrdðSÞ � stdðPSÞ and

PrdðSÞ þ stdðPSÞ � ðpþ p1Þ,
where PrdðSÞ (the mean of PS, that is, �xðPSÞ) is the periodicity of S and stdðPSÞ the
standard deviation in PS.

Nofong11 further incorporated the productiveness measure (proposed in Ref. 15)

together with De¯nition 2.3 in de¯ning the productive periodic frequent patterns.

Fournier-Viger et al.8 introduced PFPM, a periodic frequent pattern miner with

novel pruning techniques. PFPM, unlike other existing periodic frequent pattern

mining algorithms proposed in Refs. 11, 13 and 14, introduced the minimum, max-

imum and average periodicity measures for mining user-desired periodic frequent

patterns.

Notwithstanding these propositions, as mentioned previously, the propositions in

Refs. 8, 11, 13 and 14 works that employ these propositions (see Refs. 9, 12, 16–22)
have challenges of reporting redundant periodic frequent patterns and di±culty in

early termination during the process of mining periodic frequent patterns. To the

best of our knowledge, there exists no work which addresses the issue of ensuring the

set of redundant periodic frequent patterns are eliminated while only the set of non-

redundant periodic frequent patterns are reported during periodic frequent pattern

mining. This paper thus proposes and de¯nes the non-redundant periodic frequent

patterns towards ensuring only periodic frequent patterns without redundant

information are being mined and reported.

3. Identifying Nonredundant Periodic Frequent Patterns

We adopt the periodic frequent pattern (De¯nition 2.3) proposed in Ref. 11.

With De¯nition 2.3, the set of periodic frequent patterns with similar periods will

be reported. However, some periodic frequent patterns may be reported as periodic

because their proper subsets are periodic. Such periodic frequent patterns which

would most likely contain redundant information might be trivial if not detrimentala

in decision making. To ensure only the set of non-redundant periodic frequent pat-

terns is mined and reported, we employ the concept of frequent generators and de¯ne

a non-redundant periodic frequent pattern as follows:

De¯nition 3.1. Given a periodic frequent pattern set, PerD ¼ fS1;S2; . . . ;Sjg, a
periodic frequent pattern, Sn, is a non-redundant periodic frequent pattern if =9Su 2
PerD such that, Su � Sn and, supDðSnÞ ¼ supDðSuÞ.
aThat is, they will be be detrimental in decision making if they happen to be false positively periodic.

4 M. K. Afriyie et al.
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We term the set of periodic frequent patterns in De¯nition 3.1 as non-redundant

because their periodicities cannot be inferred or obtained from their subset periodic

frequent patterns. The de¯ned non-redundant periodic frequent patterns in De¯ni-

tion 3.1 based on the frequent generators are not same as closed periodic frequent

patterns as generator frequent patterns are di®erent from closed frequent

patterns. That is, all proper subsets of the de¯ned non-redundant periodic

frequent patterns will also be non-redundant. In the case of closed periodic

frequent patterns, some proper subsets may not be closed. Additionally, De¯nition

3.1 ensures only non-redundant periodic frequent patterns having same periodicities

are reported.

Employing the concept of frequent generators in mining the de¯ned non-redun-

dant periodic frequent patterns have the following advantages:

. The ability to ¯nd an early termination mechanism during the discovery of

periodic frequent patterns — due to the the anti-monotonic property of frequent

generators.

. Mining and returning the set of periodic frequent patterns that do not contain

redundant information and whose periodicities cannot be derived from other

periodic frequent patterns.

. Reducing the number of \likely false positive" periodic frequent patterns.

. Discovering the set periodic frequent patterns that are more preferable in model

selection.23

3.1. Pruning redundant periodic frequent patterns

To eliminate the set of redundant periodic frequent patterns, we employ the

Redundance-Test function in identifying the set of non-redundant periodic frequent

patterns. For a given periodic frequent pattern S, the Redundance-Test function

tests if it is redundant or non-redundant as follows.

Line 1 of the Redundance-Test function creates the class of S as null while Line 2

assigns � as the set of all periodic frequent patterns. In Line 5, if the periodic frequent

pattern S has a length of one, and supDðSÞ ¼ supð;Þ (where supð;Þ ¼ 1:0), S is

classi¯ed as a redundant periodic frequent pattern, else, it is classi¯ed in Line 7 as a

non-redundant periodic frequent pattern.

Given the periodic frequent pattern S has a length more than one, in Line 10, it is

classi¯ed as a redundant periodic frequent pattern provided its support can be

obtained from any of its subsets that is also a periodic frequent pattern. That is,

if there exists Sl in PerD such that Sl � S and supDðSlÞ ¼ supDðSÞ, then S will

be classi¯ed as a redundant periodic frequent pattern. If the conditions in Line 9

are not met, S is classi¯ed as a non-redundant periodic frequent pattern in Line 12

as its periodicity cannot be inferred from its subsets that are also periodic.

The Redundance-Test function in Line 13 returns the classi¯cation of S as either

redundant or non-redundant.

E±cient Mining of Non-redundant Periodic Frequent Patterns 5
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4. The Proposed Approach

To be able to mine the set of non-redundant periodic frequent patterns de¯ned in

De¯nition 3.1, we adopt and modify the PPFP algorithm proposed in Ref. 11. The

Redundance-Test function previously discussed is incorporated into PPFP as

NPFPM. NPFPM employs two steps in discovering the non-redundant PFPs:

. Obtaining the set of frequent length-1 items from the given database.

. Mining the set of non-redundant periodic frequent patterns from the frequent

length-1 items obtained.

These two steps are shown in Algorithms 1 and 2, respectively. The operations and

functions of these two algorithms do not di®er much from the algorithms used in

Ref. 11. To avoid repetition, we brie°y summarize their operations (with the aid of

Table 1 as a running example) and refer readers to Ref. 11 for further details.

Given dataset D, from which non-redundant periodic frequent patterns are to be

mined based on the user desired thresholds, Lines 1–15 of Algorithm 1 identify the set

of frequent length-1 items as per the user desired minimum support threshold. The

set of frequent length-1 items identi¯ed is then sorted in Line 16 in descending order

of items. From Table 1, for example, using a minimum support (") of 0.3, the set of

frequent length-1 items identi¯ed and sorted in Line 16 of Algorithm 1 will be as

shown in Table 2 (for illustration purposes, we indicate their coversets, sets of per-

iods, mean period and standard deviations among the set of periods).

Line 17 of Algorithm 1 calls Algorithm 2 to mine the set of non-redundant peri-

odic frequent patterns from the set of frequent length-1 items based on the user

speci¯ed minimum support and periodicity thresholds.

Function Redundance-Test
Input: Set of periodic frequent patterns in D, PerD and a PFP, S ∈ D

Output: S.class ∈ [Nonredundant, Redundant]
1 Create S.class = null

2 Let Γ = PerD

3 if S is a length-1 pattern then
4 if supD(S) = sup(∅) then
5 S.class = Redundant
6 else
7 S.class = Nonredundant
8 else
9 if ∃Sl ∈ PerD|Sl ⊂ S ∧ supD(Sl)=supD(S) then

10 S.class = Redundant
11 else
12 S.class = Nonredundant
13 return S.class

6 M. K. Afriyie et al.
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For any set of frequent length-1 items, L, in Line 5, Algorithm 2 terminates and

returns the set of non-redundant periodic frequent patterns if jLj ¼ 0, that is, there

are no frequent length-1 items in L. If there are frequent length-1 items however,

Lines 7 to 26 of Algorithm 2 repeatedly mine the set of non-redundant periodic

frequent patterns from L until jLj ¼ 0. For our running example, given a periodicity

threshold (p) of 1.5 and a di®erence factor (p1) of 0.5, during the ¯rst iteration, Line

13 will call the Redundance-Test function to eliminate redundant PFPs. Based on

the Redundance-Test function, though all items in Table 2 are non-redundant, only

fag, fbg and ffg are periodic for the given periodicity thresholds (p ¼ 1:5 and

p1 ¼ 0:5). As such, only fag, fbg and ffg will be added to the set of non-redundant

periodic frequent items (PerD) in Line 14 of Algorithm 2.

While in the ¯rst iteration, for the same Table 2, Lines 15–18 generateb the

length-2 candidate frequent items from the length-1 frequent items. For each gen-

erated candidate frequent item, that passes the frequency and non-redundance test

in Line 19, it is added to TempL in Line 20 and tested for periodicity in Line 23. If the

pattern is periodic, it is added to the set of non-redundant periodic frequent patterns

in Line 24. After the ¯rst iteration, the content in L is replaced with that of TempL in

bUsing the A priori candidate generation.

Algorithm 1: NPFPM(D, ε, p, p1)
Input: Dataset D, min. support ε, periodicity, p and difference factor, p1

Output: Non-redundant PFP set PerD

1 Create HashMap hn /* to store all length-1 items in D */

2 Create set L

3 for each transaction T ∈ D do
4 for each length-1 item ay ∈ T do
5 if ay /∈ hn then
6 Create covD(ay) = { TID of ay} /* TID = Transaction ID */

7 Add (ay, covD(ay)) to hn

8 else
9 Let (ay, covD(ay)) = hn(ay)

10 Udate covD(ay) as covD(ay) = covD(ay) ∪ TID of ay

11 Update hn with (ay, covD(ay))
12 for each item ay ∈ hn do
13 Let (ay, covD(ay)) = hn(ay)
14 if supD(ay) ≥ ε then
15 Add (ay, covD(ay)) to L

16 Sort L in descending order of items
17 MinePFPs(L, ε, p, p1)
18 return PerD

E±cient Mining of Non-redundant Periodic Frequent Patterns 7
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Line 25, TempL is then cleared and the iteration repeats on L. The iteration repeats

on L and stops when jLj ¼ 0. Line 27 of Algorithm 2 then returns the set of non-

redundant periodic frequent patterns and the discovery process terminates.

For our running example, Table 3 shows the frequent length-2 itemsets (with their

properties) generated from Table 2 during the ¯rst iteration. Though the frequent length-

2 itemsets fa; bg, fa; cg and fb; cg are all periodic based on the periodicity thresholds,

they are all redundant since they fail the non-redundance test (that is, there exist their

subset periodic frequent patterns (fag and fbg) that have same supports as fa; bg, fa; cg
and fb; cg. As such, they will not be added to TempL in 20. This is because, based on the

Algorithm 2: MinePFPs(L, ε, p, p1)
Input: Set L, periodicity, p, difference factor, p1, and minimum support ε

Output: Non-redundant PFP set PerD

1 Create PerD

2 Create set TempL = ∅
3 Let Pan [0, b] be the the length-b prefix of an

4 if |L| = 0 then
5 return PerD

6 else
7 while |L| > 0 do
8 for k = 0 to |L|-1 do
9 Let (ak, covD(ak)) = L[k]

10 if |ak| = 1 then
11 Obtain P ak from e.covD(ak)
12 Evaluate Prd(ak) and std(P ak) from P ak

13 if ak is periodic and non-redundant then
14 Add ak to PerD

15 for l = (k + 1) to |L|-1 do
16 Let (al, covD(al)) = L[l]
17 if Pak

[0, |ak|-1] = Pal
[0, |al|-1] then

18 Create S = (ak ∪ al, covD(ak) ∩ covD(al))
19 if supD(S) ≥ ε and S is non-redundant then
20 Add S to TempL
21 Get PS from e.covD(S)
22 Evaluate Prd(S) and std(PS) from PS

23 if S is periodic then
24 Add S to PerD

25 L = TempL
26 TempL.clear()
27 return PerD

8 M. K. Afriyie et al.
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anti-monotone property of generators, the frequent supersets formed from fa; bg, fa; cg
and fb; cg will be non-generators (that is, their supports can be inferred from their

generator subsets). This pruning thus enables our approach achieve an early termination

during the PFP mining process. As such, no length-2 periodic frequent pattern from our

example will be added to PerD since the generated pattern fd; eg is not periodic.

The iteration repeats on Table 3 with no candidate length-3 frequent itemsets

generated. The non-redundant periodic frequent pattern mining thus terminates

since jLj ¼ 0. Line 27 of Algorithm 2 thus returns only fag, fbg and ffg as the set of

non-redundant periodic frequent patterns. Assuming fa; bg, fa; cg and fb; cg were

not pruned out and left in Table 3, the only length-3 candidate frequent pattern

(that is, fa; b; cg) which would have been generated, though frequent and periodic,

would have failed the non-redundance test and hence not added to PerD.

5. Experimental Analysis

The following implementations were used in our experimental analysis:

. NPFPM: An implementation of the proposed non-redundant periodic frequent

pattern mining algorithm. Given any dataset and the desired user thresholds,

NPFPMmines and returns the set of all non-redundant periodic frequent patterns.

. PFP*: An implementation for detecting the set of all periodic frequent patterns

with similar periodicities based on De¯nition 2.3. PFP* does not employ the

productiveness or non-redundance measure. As such, PFP* mines and returns all

periodic frequent patterns based on the user speci¯ed thresholds. PFP* used in

this comparison will be faster and more e±cient than the naive approach — where

all periodic frequent patterns will be mined and a post-processing approach

employed to identify the non-redundant periodic frequent patterns.

Table 2. Frequent Length-1 Items from Table 1 at " ¼ 0:3

Item (S) Coverset (covDðSÞ) Periods (PS) Mean Period (PrdðSÞ) stdðPSÞ
fag ð1; 3; 5Þ ð1; 2; 2; 1Þ 1.5 0.5

fbg ð1; 3; 5Þ ð1; 2; 2; 1Þ 1.5 0.5

fcg ð1; 3; 4; 5Þ ð1; 2; 1; 1; 1Þ 1.2 0.4
fdg ð2; 4; 6Þ ð2; 2; 2; 0Þ 1.5 0.866

feg ð2; 5; 6Þ ð2; 3; 1; 0Þ 1.5 1.118

ffg ð2; 4; 5Þ ð2; 2; 1; 1Þ 1.5 0.5

Table 3. Frequent Length-2 Itemsets Obtained from

Table 2 at " ¼ 0:3:

Itemset (S) covDðSÞ PS PrdðSÞ stdðPSÞ
fd; eg ð2; 6Þ ð2; 4; 0Þ 2 1.633

E±cient Mining of Non-redundant Periodic Frequent Patterns 9
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Experimental analysis was conducted with regard to (i) runtime performance, (ii)

reported patterns, and, (iii) scalability. The following datasetsc were used for the

experimental analysis: (a) Kosarak10K dataset ��� this is a partly dense dataset with

10,000 transactions; (b) Kosark45K ��� this is also a partly dense dataset with 45,000

transactions, (c) Tafeng Nov. 2000 ��� this is a very sparse dataset with 31,807

transactions from customers at the Tafeng retail store for the month of November

2000, and, (d) T10I4D100K ��� a dense dataset with 100,000 transactions.

5.1. Runtime performance: Periodic frequent pattern discovery

The runtime performance of the two compared implementions is shown in Figs. 1–3
on the Kosarak10K, Kosarak45k and Tafeng datasets, respectively. As can be

observed, NPFPM in Figs. 1–3 is more e±cient in discovering periodic frequent

patterns compared to PFP*.

It is also worth noting that the runtimes of the two implementation as depicted in

Fig. 3 are almost the same. This is due to the sparse nature of the Tafeng dataset

which results in both implementations (for the speci¯ed thresholds) reporting the

same number of periodic frequent patterns (see Table 6 for the number of reported

periodic frequent patterns).

5.2. Reported patterns: Periodic frequent pattern discovery

The number of reported periodic frequent patterns for the two algorithms (NPFPM

and PFP*) on the described datasets is as shown in Tables 4–6.

cThe Korsarak10K and Kosarak45K datasets were obtained from Ref. 24, the Tafeng dataset was

obtained from the AIIA Lab, and, the T10I4D100K dataset was obtained from the FIMI repository.

Fig. 1. Periodic frequent pattern discovery: Runtime in Kosarak10K dataset.
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It was observed that in the sparse dataset (that is, the Tafeng dataset ��� see

Table 6), both approaches report the same number of periodic frequent patterns with

near similar runtime during the discovery process (see Fig. 3). In the Kosarak10K

and Kosarak45K datasets, NPFPM, however, reports a smaller number of periodic

frequent patterns compared to PFP*.

As can be observed in Tables 4 and 5, with the non-redundance measure, NPFPM

is able to prune the set of periodic frequent patterns with redundant information

and hence, report a much smaller set of periodic frequent patterns compared

to PFP*.

Fig. 3. Periodic frequent pattern discovery: Runtime in Tafeng Nov 2000 dataset.

Fig. 2. Periodic frequent pattern discovery: Runtime in Kosarak45K dataset.
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Table 4. Reported periodic frequent

patterns in Kosarak10K dataset.

" NPFPM PFP*

p ¼ 100 p ¼ 100

p1 ¼ 99 p1 ¼ 99

0:8% 114 210
0:7% 114 210

Table 5. Reported periodic frequent

patterns in Kosarak45K dataset.

" NPFPM PFP*

p ¼ 100 p ¼ 100

p1 ¼ 99 p1 ¼ 99

0:8% 173 188

0:7% 173 188

Table 6. Reported periodic

frequent patterns in Tafeng

Nov 2000 dataset.

" NPFPM PFP*

p ¼ 130 p ¼ 130

p1 ¼ 120 p1 ¼ 120

0:8% 20 20
0:7% 26 26

Fig. 4. Periodic frequent pattern discovery: Runtime in T10I4D100K dataset.
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5.3. Scalability test: NPFPM

Experiments on the scalability of NPFPM in large datasets were performed using the

T10I4D100K dataset which has 100,000 transactions in total. The minimum support

for this test was chosen from 0.005 to 0.009, that is, from 0.5% to 0.9% of the

T10I4D100K dataset.

Figure 4 shows the runtime scalability test on NPFPM while Fig. 5 shows the

memory used by NPFPM in discovering periodic frequent patterns in the

T10I4D100K dataset. From Figs. 4 and 5, NPFPM is scalable in even at low mini-

mum supports in large datasets.

As can be observed in Figs. 4 and 5, when the minimum support is 0.005 (that

is, considering a pattern appearing 500 times out of the 100,000 transactions as

frequent), NPFPM takes 53.78 s and 179.6 MB of memory to ¯nd all non-redundant

periodic frequent patterns.

6. Conclusion

Non-redundant periodic frequent patterns are the set of periodic frequent patterns

whose periodic occurrence cannot be inferred from their subset periodic frequent

patterns. This work employs the concept of deduction rules in identifying the set of

non-redundant periodic frequent patterns. Subsequently, a NPFPM is proposed and

developed for mining the set of non-redundant periodic frequent patterns. Experi-

mental results on benchmark datasets show that NPFPM is e±cient and reports a

smaller set of non-redundant periodic frequent patterns compared to the set of all

periodic frequent patterns. In our future works, we will investigate on measures that

can be employed in memory e±cient mining of interesting periodic frequent patterns.

Fig. 5. Periodic frequent pattern discovery: Memory usage in T10I4D100K dataset.
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