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Abstract 

Temporal data mining which considers time attributes, centers on discovering the 

association of items that occur over a period or discovering items that occur sequentially 

and frequently. However, there are cases in which an item occurs frequently during a 

certain period even though it has not occurred frequently during the entire period. In this 

paper, we propose a TD-HTIP (Temporal Data-Hierarchical Time Interval Period) 

algorithm that searches for items that occur frequently within a specific time range by 

constructing a hierarchical time interval period that considers a certain time interval for 

temporal data. The proposed algorithm constructs a matrix of transaction information 

containing items that occur over time, and searches for frequent items based on the 

matrix. Experimental results show that the proposed algorithm enables searching more 

frequent items compared to the existing algorithms for execution time. 
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1. Introduction 

Due to the development of information technology, the amount and speed of data 

generated by the development of computer technology, and related technologies are 

increasing [1]. Data mining is a systematic and automatic finding of statistical rules and 

patterns within a large amount of stored data. Frequent patterns are item sets that occur 

frequently in a data set. Finding frequent patterns has an essential role in exploring 

associations, correlations, and interesting items between data. Frequent pattern mining is a 

way to find association rules or to determine the relevance between data, and the most 

commonly used association rule defines association between concurrent events [2-8]. 

Also, sequence pattern [9-11] is similar to association rule except for the time factor in 

finding the association with the events occurring over a certain period of time. In general, 

there are many kinds of knowledge related to time, and it is difficult to classify them 

clearly, but some types can be categorized according to the type of temporal pattern 

included in temporal knowledge. A cyclic pattern is a pattern that occurs periodically as 

time changes. For example, it is a pattern associated with cycles such as 'weekly', and 

'yearly'. A sequential pattern is a sequence of successive occurrences of a particular event. 

An event has a causal relationship that causes other events to occur. In addition, a trend 

pattern is a pattern where the value changes over time that can predict future fluctuations. 

It can make predictions such as "Rise in stock A will lead to a decline in stock B". As 

above, analyzing the association of event changes in consideration of time can be applied 

in many fields [12-14]. 

General association rule mining [15-16] is based on items that occur frequently in 

transactions, and it focuses on finding the associated items occurring in a certain 

transaction or window for stream data. Knowledge discovered through data mining need 
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to be provided as useful information through analysis of the data. What is important here 

is trend analysis of data that changes over time. In other words, human interest, drug types 

in the medical field, and financial data change over time, and the basis for analyzing these 

changes is the exploration of frequent patterns that occur over time. This study proposes 

an algorithm to find association between items considering a constant time interval period 

for temporal data. The proposed method constructs a basic time interval period of a 

certain unit of time to explore frequent items in transactions constituting each time unit. 

Then, basic time interval is grouped to explore frequent items for an extended time 

interval of a hierarchical level structure. Since the grouping unit has a hierarchical level 

structure, frequent items can be explored for the entire temporal database if the grouping 

is repeated and extended, and there is an advantage that it is possible to find a frequent 

item in a specific period or to detect a frequent item change with time. The algorithm 

proposed in this paper can be applied to discovering how the associated items changes 

with time, such as financial data with time information, medical data, and personal 

interest patterns. 

The remainder of the paper is organized as follows. Section 2 reviews researches 

related to the proposed algorithm, and Section 3 defines basic concepts for mining and 

explains TD-HTIP algorithm for discovering frequent items. Section 4 analyzes the 

efficiency of the proposed algorithm through comparison experiments with existing 

algorithms. We conclude the work in Section 5. 

 

2. Related Works 

Sequential pattern mining is a technique for exploring patterns in which a certain set of 

items occurs sequentially among transactions composed of a set of items, and it adds a 

temporal relation to the association rule that explores the association between items 

occurring within a transaction. An existing research, frequent episode exploration [16], 

proposed a technique for finding episodes that occur frequently from a series of event 

sequence data. Here, an episode is defined as a frequent occurrence of a specific sequence 

of events, and represent events closely related to each other. The method of exploration 

finds all frequent episodes that the ratio of the window that include the episodes occurred 

in the window size specified by the user satisfies the given threshold. For example, when 

the sequence of events occurring every second is {a, b, d, a, c, b, d, d, a}, assuming that 

the time window size is 3 seconds and the minimum frequency is 50%, (a, b) is an episode 

that satisfies the minimum frequency because the frequency of (a, b) is 2 for three 

windows. In addition, time-series analysis is a technique for predicting the future by 

capturing trends from time series data, such as stocks, prices, and sales volume, which are 

arranged in time base. Mining for this temporal database explores useful association 

knowledge from time-related data. Through time-based data mining, a variety of 

knowledge can be found through data with time and meaning associations such as patient 

history, product purchase history, and web logs. For example, an association rule that has 

time information may be explored, such as "People who purchases item A during summer 

season every year also purchases item B". 

Association rule mining finds a frequent item set satisfying a predefined minimum 

support in a transaction and finds an association rule that reflects the relation between 

these frequent item sets. Apriori [2] is the most widely used algorithm. However, the 

Apriori algorithm has the problem of continuously scanning large volumes of transaction 

databases for each frequent item set exploration. An existing study [6] proposed a mining 

algorithm based on hierarchical time granule and applied Apriori algorithm to find 

association rules. Various algorithms have been proposed to solve the problems of Apriori 

algorithm and to search for frequent items more efficiently. Methods to reduce the 

number of candidate items to reduce the number of database scans and improve the 

efficiency of the Apriori algorithm such as DIC (Dynamic Itemset Counting) [19], DHP 
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(Direct Hashing and Pruning) [20], Partition [21], and Sampling [22] algorithms have 

been proposed. Although these algorithms reduced the number of database scans 

compared to Apriori, it is still difficult to determine frequent items for each candidate 

item due to the need of generating many candidate item sets. In order to solve these 

problems, methods of discovering frequent items [23] have recently been proposed by 

scanning a database, displaying items on a row, and displaying TID in a column to 

generate a matrix. A matrix is used to calculate the support of candidate items in a 

frequent item set and once it is created, it is not necessary to scan the database again. In 

addition, the time required to generate the candidate items is less than that of the 

conventional algorithm. A representative algorithm using matrix is the ECLAT algorithm 

[23]. There are horizontal data format and vertical data format in the methods for 

generating a data structure in the ECLAT algorithm. The horizontal data format is 

expressed as TID: itemset and consists of the transaction number (TID) containing the 

itemset. The vertical data format consists of Item-TID_set and is expressed as Item: 

TID_set. 

 

3. Temporal Data Mining 
 

3.1. Problem Definition 

Temporal data with time information consists of items of transaction. The items in the 

transaction are reconstituted from the original items occurring over time to the items of 

interest for mining. The initial data is generated by filtering the items of interest from the 

raw data or data items satisfying the threshold specified by the user. In this paper, our 

algorithm is to mine frequent item sets based on a time interval period containing a certain 

number of transactions. The basic definitions for this are as follows. 

 

Definition 3.1 Itemset 

The set of items that occur in temporal data is defined as Itemset(I), represented as I = 

{I1, I2, I3,..Ii...,In}, and in the Itemset, the ith item is denoted by Ii. 

 

Definition 3.2 Temporal Transaction 

A temporal transaction is a transaction that contains temporal data that occurs over 

time. It is denoted by Tr, and serial numbers are assigned to transactions that are 

generated over time. In Tr = {Tr1, Tr2, Tr3,..,Tri,..Trn}, Tri represents the ith transaction.  

 

Definition 3.3 Time Interval Period 

A single time interval period (TP) includes a certain number of transactions, and the 

size of the TP is denoted by |W|. For example, if the number of transactions contained in 

one TP is 4, |W|=4.  

 

Definition 3.4 Time Interval Period Grouping  

A TP containing a certain number of transactions has a level and sequence and is 

expressed in TPv.s. Here, v is the hierarchical temporal level that groups the TP and s is the 

serial number of the TP grouped at the same level. Thus, two TP is grouped to generate a 

hierarchical level TP. When grouping TP, it is grouped with the next sequence of the 

same level. Figure 1 shows an example of a TP grouping scheme. The expression of 

grouping is represented by TP2.1=TP1,1∪TP1.2, TP2.2=TP1,2∪TP1.3.  

 

Definition 3.5 Item Support 

For every transaction included in the grouping with TPv.s having the same serial 

number of the same level, the number of transactions(Num) including the item is defined 

as item support and is denoted as Supp(Ii). 
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(1) 

 

Definition 3.6 Minimum Support(min_sup) 

Minimum support refers to the minimum value that the ratio (%) of the number of 

transactions containing the item must satisfy the total number of transactions included in 

TPv.s grouped at each hierarchical time level. It is used as a threshold to search for 

frequent association items.  

 

Definition 3.7 Frequent Itemset 

Frequent ItemSet (FIS) is an itemset that satisfies a minimum satisfaction degree 

(min_sup) in each TPv.s, that filters items that meet the minimum frequency specified by 

the user from the temporal database (TDB). Here, the minimum frequency can be 

specified by the user to eliminate an item in which the occurrence frequency of the item is 

too infrequent. 

 

 

Figure 1. Structure of TP Grouping 

The method of discovering frequent itemsets is to extract frequent itemsets satisfying 

the minimum support in each basic time interval period of 1-level and construct 2-level 

TP through 1-level TP grouping as showing in Figure 1. The union of the frequent items 

extracted from the 1-level TP becomes a 2-level TP item, and those items that do not 

satisfy min_sup are removed. In other words, common items are searched in the time 

interval period of the grouped TP. In this way, 2-level TP are grouped to explore frequent 

items in 3-level TP. 

 

3.2. TD_HTIP Algorithm 

TP consists of a certain number of transactions and has a serial number that reflects the 

time information. Also, the items that satisfy the least frequent items in the original item 

included in each TP are filtered and sorted in alphabetical order. If |W| is 4 that a TP 

contains 4 transactions, it searches for frequent items satisfying the minimum support 

from items of transactions in each TP. To explore frequent items, we used the Eclat 

algorithm [19], which performs mining by constructing a matrix to reduce candidate item 

creation time. The items included in the entire TP are expressed in columns, and the 

matrix including the transaction including the item and the TID is constituted by rows. By 

using this matrix information, the frequent items considering the minimum frequency in 

each TP are filtered, and the filtered items are basic itemsets of 1-level TP. Table 1 shows 

an example of the items that make up the 1-level TP. 
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Table 1. 1-level TP Itemset 

Time Interval Period TID Filtered Items 

TP1.1 

T1 d 

T2 c, d 

T3 c 

T4 d 

TP1.2 

T5 a, c, d 

T6 a, b, c, d 

T7 b, c, d 

T8 a, d 

TP1.3 

T9 b 

T10 a, c 

T11 a, b, c 

T12 b, c 

TP1.4 

T13 b, d 

T14 b, c, d 

T15 b 

T16 b, c, d 

 

By grouping TPs composed of frequent items of 1-level, frequent items in the grouped 

TP are explored. For example, if the size of the TP is |W|=4, the frequent items are found 

in all eight transactions included in TP1.1 and TP1.2, and it is stored in TP2.1. Thus, frequent 

items are unioned in TP1.1 and TP1.2 and whether it satisfies min_sup is checked, to 

confirm the presence of frequent items. Next, common frequent items are extracted from 

TP1.2 and TP1.3 and stored in TP2.2. In this way, frequent items are found in 1-level TP1.s 

and TP1.s+1 (1≤ s and s≥ n-1) and stored in TP2.s(2-level, s sequence). Then, the TP 

sequences of the 2-level frequent items are grouped to generate a 3-level TP3.s sequence. 

In this method, a hierarchical TP level sequence is constructed by gradually extending the 

time interval period, and as a result, the result of exploring the frequent items for the 

transactions included in the entire TDB is generated. 

Table 2. 1-level Frequent Itemsets(FIS) 

1-level seq. TID Freq. Items FIS(≥length(2) 

TP1 

TP1.1 T1, T2, T3, T4 c, d 
 

TP1.2 T5, T6, T7, T8 a, b, c, d ac, ad, bc, cd, bd, acd, bcd  

TP1.3 T9, T10, T11, T12 a, b, c ac, bc  

TP1.4 T13, T14, T15, T16 b, c, d bd, cd, bcd 

 

We explain the mining process with the example of Table 1, assuming min_sup= 0.5. 

As an example of the support for some items of TP1.2, Supp(a) = 3/4, Supp(c) = 3/4, 

Supp(ac) = 2/4, Supp(bd) = 2/4, which satisfies min_sup that means a, c, ac, bd are 

frequent items, and Table 2 shows the most frequent items for each 1-level TP. 1-level TP 

sequence generates a 2-level TP sequence through grouping. For example, if a frequent 

item in a 1-level TP sequence is unioned to group TP1.1 and TP1.2 to generate 2-level TP2.1, 

FIS(TP1.1) ∪ FIS(TP1.2) = {a, b, c, d}, and these items become candidate items. Then 

Supp (Ii) is calculated to check the satisfaction of min_sup, and it is decided whether or 
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not the frequent item is satisfied. When frequent items are determined, they become items 

of FIS (TP2.1). In this way, the TP sequences belonging to the time interval period are 

grouped, and the frequent items are determined while increasing the level.  

The algorithm for this is described as follows algorithm 1. 

 

Algorithm 1 : TD-HTIP Algorithm 

Input : Temporal Database(TDB), min_sup 

Output : Frequent itemsets(FIS) at each time interval period(TP) with level and 

sequence  

Step 1 : Find FIS at TP on 1_level 

1 : 

2 : 

3 : 

4 : 

5 : 

Scan TDB 

Initialize TP by the number of transaction(|W|) 

Sort the items in TP according to alphabetical order  

Call TECLAP Function to find frequent items at 1_level  

Insert frequent itemsets in each TP into FIS(TPl,s)  //1_level TP sequence  

 

STEP 2 : Group TP sequences at each level to search for frequent items 

 

6 : 

7 : 

8 : 

9 : 

10 : 

// Grouping of TP sequences of the same level 

for i= 1 to COUNT(TPlevel)-1 do 

Candidate items = FIS( TPlevel,i) ∪ FIS(TPlevel,i+1) 

if Supp(candidate item) ≥ min_sup 

Insert frequent itemsets into TPlevel+1,i  

end for  

 

Algorithm 2 : TECLAT function 

Input: TP in Database , min_sup 

Output: Frequent Itemsets at 1-level  

1 : 

2 : 

3 : 

4 : 

5 : 

6 : 

7 : 

Create Vertical Data Matrix(VDM) by item in each TP,  

Create Pattern tree with a root of null 

for i = 1 to Count(item) in VDM do 

if Supp(VMD[i].TranID_sets) ≥ min_sup then 

add itemsets in VMD[i] to Pattern tree  

end for 

Find all frequent itemsets(FIS) from Pattern tree 

 

The TP sequence of the next level is generated through the grouping process of STEP 

2, and the process of STEP 2 is repeated for every TP sequence generated at each level. 

This process is repeated until there are no more TPs to be grouped. 

 

4. Experiments 

We evaluate the performance of the proposed TD_HTIP algorithm comparing with the 

previous TP-HTAR algorithm in [5]. In the experimental results, the TD_HTIP algorithm 

is denoted by A1 and the TP-HTAR algorithm is denoted by A2. All experiment is 

performed in R and conducted in a machine with a 3.30GHz CPU and 8GB RAM running 

Window 10. 

 

4.1. Experiment Environment 

The experimental dataset use data generated by R data generator. Table 3 illustrates the 

parameters used for data generation. The average number of items per transaction was set 

to 10, and 10K and 100K transactions were created. Also, in order to evaluate the 

performance according to the number of items, the data set was created by increasing the 

total number of items from 100 to 4000. In addition, to test the change of number of 

frequent items according to density of data, 10K and 100K data sets were created for the 
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same number of items. Therefore, T10I1000D10K and T10I1000D100K data sets refer to 

10K dataset and 100K dataset consisting of 1000 items. 

Table 3. Parameters for the Synthetic Data 

Parameter Description Value 

T The average length of items per transaction 10 

I The total number of items 100 ~ 4000 

D The total number of transactions 10K, 100K  

 

Table 4 shows the experimental parameters. To analyze the number of frequent items 

generated according to minimum support, min_sup was varied from 0.01 to 0.08. Also, 

the number of transactions included in one window was adjusted by changing the window 

size from 625 to 25000. That is, when the window size is 625, 16 basic periods are 

generated in the 10K data set. We conducted the experiment by varying the basic period 

from 4 to 32. 

Table 4. Simulation Parameters 

Parameters Value 

Minimum Support (min_supp) 0.01 ~ 0.08 

Window Size(ws) 625 ~ 25000 

Basic Periods(p) 4, 8, 16, 32 

A1 TD_HTIP algorithm 

A2 TP-HTAR algorithm 

A2-RS A2 with Relative-Support 

 

4.2. Experimental Evaluation 

The algorithm proposed in this paper is an approach to search for frequent items 

occurring within a certain time period, and we compared the number of frequent items 

generated by each algorithm for performance comparison with the existing TP-HTAR 

algorithm. 

 

 

Figure 2. Number of Frequent Items According to Minimum Support 
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First, we compared the number of frequent items generated according to minimum 

support. Figure 2 shows the basic periods 4, 8, and 16 in the dataset T10I100D10K and 

T10I3000D10K, and the results of varying minimum support from 0.01 to 0.04. These 

datasets were used to compare the performance of each algorithm with a relatively small 

number of transactions, when there were few or many items. As shown in the 

experimental results, it can be seen that the A1 algorithm proposed in this paper generates 

more frequent items than the A2 algorithm in all the results. In particular, if the 

T10I100D10K dataset has a minimum support of 0.04, A1 algorithm showed 25,172 

frequent items, or 3.26 times more than the 7,717 generated by A2 algorithm, and even in 

the worst case, 0.025 of T10I3000D10K, the performance of A2 was 116 and A1 was 

149, which was 1.28 times higher than that of A2. 

 

 

Figure 3. Number of Frequent Items According to basic Periods 

We also compared and analyzed the changes in the number of frequent items according 

to the number of basic time interval periods. Figure 3 shows the results of varying basic 

periods from 4 to 32. Each graph shows the results for a minimum support of 0.01 for 

dataset from T10I1000D100K to T10I4000D100K. Experimental results show that the 

number of frequent items increases as the number of basic periods increases in both A1 

and A2 algorithms. Especially, when the number of items is 1000 and there are 32 

periods, it can be seen that A1 algorithm finds 6.7 times more frequent items than A2. 

Also, when the number of items is 4000 and there are 4 periods, it shows the fewest 

frequent items, but also in this case it was shown that A1 generated 1.38 times as many 

frequent items as A2. Through this study it was shown that A1 provides more frequent 

items at 3.25 times than A2 at minimum support 0.01 for 100K dataset. 

Next, we compared the execution time of each algorithm. Figure 4 shows runtime 

results based on minimum support, and it shows the experiment results of 16 periods of 

T10I100D10K and 32 periods of T10I4000D100K. Experimental results show that as the 

minimum support increases, the execution times of A1 and A2 algorithms become 

similar, and this is because both algorithms result in fewer frequent items being generated 

as the minimum support is increased.  
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Figure 4. Execution Time According to Minimum Support 

 

Figure 5. Increase Rate of Frequent Items and Execution Time 

 

Figure 6. Number of Frequent Items According to Relative Support and 
Minimum Support 

In order to analyze the increase rate of execution time according to the number of 

frequent items, we experimented with increasing rate of frequent items and execution time 

according to minimum support as shown in Figure 5. As a result, in the number of 

frequent items according support, while A1 technique increased by 3.08 times and 4.74 

times on average compared with A2, execution time showed an average increase of 1.29 

times and 1.10 times. Therefore, although the A1 method proposed in this paper takes 

more time than the A2 method, it shows that the number of frequent items generated by 

this method is about 3 times more. 
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Also, we experimented with changes in the number of frequent items based on relative 

support. Figure 6 shows the change in the number of frequent items according to the 

relative support of the A1 and A2 techniques for the 16 periods of the T10I3000D10K. 

Experimental results show that, when the relative support is applied, minimum support 

0.01 of A2 method generated frequent items which increased by 13%, and in case of 

0.025, 4% of frequent items were additionally increased. It can be seen that the A1 

technique always generates a larger number of frequent items even if relative support is 

applied to A2. 

 

5. Conclusions 

In this paper, we proposed a TD-HTIP algorithm that finds frequent items in time 

interval period based hierarchical level, which contains a fixed size transaction in 

temporal database and uses TP sequence grouping. Also, we compared the performance 

of the proposed algorithm with the performance of the existing algorithm, and 

experimental results show that the proposed algorithm takes about 1.2 times more time 

than the conventional algorithm, but it finds 3 times more extracted frequent items. 

Therefore, the proposed algorithm is effective for searching for frequent item changes 

over time and can be applied to frequent item extraction for specific time domain. For 

example, it can be efficiently applied to applications to detect changes in data, such as 

continuously incoming data consisting of protocol and data exchange traffic associated 

with network components such as networking-related routers, traffic volume control, fault 

handling, and intrusion detection. 
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