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Abstract —Mining sequential patterns only considers the sequential purchasing behaviors for most of 

the consumers. We can use this information to predict what products the consumers would like to 
purchase next time, but we cannot use this information to predict when the consumer will need the 
products in the future, that is we cannot know when the products need to be promoted to the consumers. 
In order to effectively predict the next purchased time for the products, only the consumable products 
will be considered, since the next purchased time for a consumable is always related to the purchased 
quantity of this product purchased at this time. Although single gains for consumable products may be 
lower than that of appliances or electronic products, the accumulative gains for consumable products 
are considerable. Therefore, grasping suitable timing to do sales promotion for consumable products is 
an important task.  

In this paper, we propose a novel data mining approach to find the consumption behaviors for most 
of the consumers. From this information, we can predict the next purchased time for a product 
according to the purchased quantity of this product purchased at this time. However, there may be 
various consumption behaviors for the consumers. We also consider the associations between the 
consumption behaviors and the properties of the consumers, and therefore we can predict the next 
purchased time of a product for a consumer according to the properties of the consumer and the 
purchased quantity of the product purchased at this time. The experimental results show that our 
algorithm is efficient and scalable, and the mining results can exactly reflect the consumption behaviors 
for most of the consumers. 
 

Index Terms —data mining, consumption behaviors, consumption association rules, transaction 
database 

I. INTRODUCTION 

Data mining techniques have been developed for many years, which are applied to discover 
the useful and hidden information from the databases. Mining frequent patterns [9, 10, 12, 13, 
21, 23] has become a common subject in the data mining research field. We can analyze past 
transaction database to discover consumer behaviors such that the quality of decision making 
can be improved. Mining association rules [13, 1, 25] discovers the information about which 
products always are bought together such that the vendor can make a decision to sale the 
products at a special offer price or to organize them at the different places for sale. Mining 
sequential patterns [6, 21, 2, 3, 8, 14] discovers sequential purchasing behaviors for most of the 
consumers. The seller can promote the products which the consumers will need in the future 
according to the discovered sequential patterns.  For instance, if there is a sequential pattern 
which indicates that most of the consumers will purchase the printers after purchasing the 
computers, the seller can promote the printers to the consumer after the consumer bought a 
computer, such that the consumer can come back again and purchase the printer when he needs 
it. However, we cannot know how long the consumer will need the printer after he/she 
purchasing a computer, such that we cannot know when the advertisement about printer should 
be sent to the consumer. Mining association rules and mining sequential patterns are the basic 
mining techniques. There are a lot of advanced mining techniques proposed based on the two 
kinds of basic algorithms for discovering different useful information.  

Mining quantitative association rules [4, 23] retrieves not only the products frequently 
purchased together but also the purchased quantities. For example, suppose a quantitative 
association rule indicates that most of the consumers purchase 1-2 cans of blending flavor milk 
when they bought 2-3 pieces of bread. For the sales promotion, the seller can put 2-3 pieces of 
bread and 1-2 cans of blending flavor milk into a package and discount the package to attract the 
consumers to buy the package. Besides, this quantitative association rule can also provide the 
information about the number of the bottles of blending flavor milk which needs to be stored 
according to the number of the bread. However, quantitative association rules cannot predict 



 

which products will be bought by which consumers in the future. Mining time-gap sequential 
patterns [24, 27] can find what time the consumers purchase the certain products after they 
bought some products. This information can provide not only the sequential purchased order of 
the products, but also the purchased time-gap between two purchased products. For example, 
suppose a time-gap sequential pattern describes that most of the consumers will need the printers 
after they purchasing a computer for 3-4 months. The seller can promote the printers to the 
consumers at the right time according to this information. However, mining time-gap sequential 
patterns does not consider the purchased quantities which may affect when the consumers will 
need the product next time. 

Since the consumable products are purchased high-frequently, it is valuable to find the 
consumption behaviors and promote the consumable products at the right time. For instance, 
suppose the transaction database shows that most of the consumers will need the toilet paper 
after they had bought 1 package of toilet paper for 3 days, which is a consumption behavior. If a 
consumer purchases 2 packages of the toilet paper, then we can predict that he will need the 
toilet paper after 2 × 3 = 6 days, even the behavior never appears in the database. However, there 
may be different consumption behaviors for an item in the transaction database. Therefore, it is 
necessary to distinguish which kind of consumers will have which kinds of the consumption 
behaviors for the item, since the profile of a consumer would affect his/her consumption 
behaviors. For example, the consumption behavior for the product “baby powdered milk” would 
be influenced by the number of the babies, the ages of the babies, and whether non-principal 
food is added or not. Therefore, we further analyze the associations between the properties of the 
consumers and the consumption behaviors for an item. We call this information a consumption 
association rule. We can use this information to predict when a consumer will need an item next 
time according to the properties of the consumer and the purchased quantity for the item 
purchased by the consumer at this time. 

II. RELATED WORK  

Mining frequent patterns [9, 10, 12, 13, 21, 23] is to discover the groups of items appearing 
always together excess of a user specified threshold from a transaction database. A transaction 
database contains a large number of the transactions and each transaction consists of the items 
purchased by a consumer in a visit. We can analyze the past transaction data to discover the 
frequent patterns, from which the association rules [1] can be derived. An example of such an 
association rule is that 90% of the transactions that purchase bread and butter also purchase milk. 
The vendor can make the decision for the management of the supermarket including what 
products should be put on sale, how to design coupons and how to place products on shelves in 
order to maximize the profit. However, the purchased quantity and the purchased date of the 
products are not considered in the association rules. The vendor cannot predict when the 
products will be purchased by the consumer according to the association rules. Therefore, the 
information needs for the vendor to do sales promotion is not enough.  

In 1996, R. Agrawal and R. Srikant [4] proposed a new research on quantitative association 
rule which is different from the traditional association rule. A quantitative association rule 
provides not only the frequent itemsets but also the purchased quantities for the items in the 
frequent itemsets. An example of such an association rule might be “after 2-3 bottles of milk is 
purchased, 1-2 bags of bread will be bought”. The purchased quantities for an item will be dealt 
by partitioning the quantities and then combining adjacent partitions as necessary. Because the 
purchased quantities for an item in different transactions may be different and the range of the 
purchased quantities for an item in the transaction database may be large, it is difficult to find 
frequent itemsets with purchased quantities. In order to easily find quantitative association rules, 
some approaches [19] partition the range of the purchased quantities into some sub-ranges, 
which will loss important information. Therefore, how to make a good partition for the 
purchased quantities is an important task for mining quantitative association rules. Yen and et al. 
[20] proposed another algorithm for mining quantitative association rules. They find the frequent 
itemsets first and consider each purchased quantity to generate quantitative itemsets from the 
frequent itemsets. For the quantitative itemsets, they merge the adjacent quantities and generate 



 

frequent quantitative itemsets according to the user-specified minimum quantitative support (Mq) 
and quantitative related coeficiency (R). In order to avoid information loss, the complexity of 
this approach is higher than the previous approaches. However, mining quantitative association 
rules only consider the purchased quantity of the items, but this information is not enough for 
the vendor to predict when the consumer will need the products, since the purchased dates are 
not considered for mining quantitative association rules. 

Mining time-gap sequential patterns [24] can discover not only the sequential patterns but 
also the time interval between any two items in the pattern, which can be used to predict when 
the consumers will need which products in the future when they purchased some products. For 
example, a time-gap sequential pattern “<{shirts, necktie}(20~23){jacket} (56~60){shoes}> 
70%” means that seventy percent of the consumers bought both the shirts and necktie, and then 
they bought jacket after 20~30 time units, and then after 56~60 time units, they bought shoes. 
When a consumer bought shirts and necktie, the information about jacket can be sent to the 
consumer after 20~23 time units, and then when he bought jacket, the information about shoes 
also can be sent to the consumer after 56~60 time units. Therefore, we can provide the product 
information in which the consumer is interested on the appropriate date by using time-gap 
sequential patterns. However, mining time-gap sequential patterns does not consider the 
purchased quantity which will affect the next purchased time. If a product is purchased in a large 
quantity at this time, the time-gap between this purchased time and the next purchased time will 
be large, since the product can be used for a long time. Therefore, it is necessary to consider not 
only the purchased time but also the purchased quantity to accurately predict the next purchased 
time for the consumers. 

III. MINING CONSUMPTION ASSOCIATION RULES 

In this section, we present our algorithm for mining consumption association rules, which 
can be divided into two steps: The first step is to find all the consumption patterns and the 
second step is to generate consumption association rules according to the consumption patterns. 
The business database includes two types of the tables: The Consumer Table records the 
personal information about the consumers, which consists of a set of attributes. For example, a 
Consumer Table may consist of consumer-id, consumer-name, age, sex and no. of family. The 
unnecessary attributes (e.g., consumer-name) which is not related to the purchasing behaviors 
can be filtered from the Consumer Table (e.g., Table 5). The Transaction Table contains a set of 
transactions. Each transaction consists of a transaction identifier (Tid), a consumer identifier 
(Cid), a transaction date (Date) and a set of items purchased by the consumer on the transaction 
date and their purchased quantities (Qty). For example, Table 1 is a Transaction Table, in which 
the first transaction represents that the consumer Cid 1 purchased 3 items A and 2 items B on the 
date 90/01/01.  

For mining consumption patterns, only the interested item will be considered at a time. 
Therefore, the other items except the interested item will be removed from the Transaction Table. 
After the removing, the Transaction Table for an item contains three fields: consumer identifier 
(Cid), purchased date (Date) and purchased quantity (Qty) for the item. For example, Table 2 is 
a Transaction Table for item A which is transformed from Table 1.  

All the records in the Transaction Table for an item (e.g., Table 2) are sorted by Cid in 
ascending order. For the records with the same Cid, these records are further sorted by the 
transaction date (Date) in ascending order (e.g., Table 3), which is called a sorted transaction 
table for the item. The consumption rate Ra (Ti, Ti+1) for an item A between two neighbor 
records Ti and Ti+1 (i ≥ 1) for the same consumer in the sorted transaction table for item A is 
defined as the ratio of the difference between the two transaction dates for the two records to the 
purchased quantity Qty in Ti, which is shown in expression (1). 
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The consumption rate means that how long can be used by a consumer for an item. 
Therefore, the sorted transaction table can be transformed into a Consumption Table in which 
each record contains a Consumer id (Cid), a consumption rate computed according to expression 
(1) and a unique number (UID) assigned for each record. For example, the transformed 
Consumption Table for item A from Table 3 is shown in Table 4, in which the consumption rate 
in the first record can be computed from the first two records T1 and T2 in Table 3 as follows: 
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Table 1 Transaction Table Table 2 Transaction Table for item A 

Tid Cid Date Items (Qty) 
1 1 90/01/01 A(3),B(2) 
2 3 90/01/01 A(5),C(1) 
3 4 90/01/01 A(3),C(1),E(3)
4 2 90/01/02 A(3),D(3),E(3)
5 5 90/01/02 A(2),B(1),C(2)
6 7 90/01/02 A(3),B(2) 
7 6 90/01/03 A(4),C(2) 
8 1 90/01/06 A(4),D(2),E(1)
9 2 90/01/08 A(3),C(2) 

10 5 90/01/09 A(3),C(3),E(2)
11 6 90/01/10 A(5) 
12 1 90/01/12 A(3),B(3),D(2)
13 3 90/01/12 A(6),B(2),E(4)
14 4 90/01/12 A(2),D(5) 
15 7 90/01/12 A(3),B(1) 
16 7 90/01/22 A(4),C(2),D(3)
17 3 90/01/24 A(4), 
18 4 90/01/25 A(2),B(2) 
19 5 90/01/28 A(3),D(3),E(1)
20 4 90/02/04 A(2),C(3) 
21 7 90/02/04 A(3),B(3),D(3)
22 7 90/02/23 A(4),C(2) 
23 7 90/03/20 A(3),B(4) 
24 7 90/04/07 A(4),D(3),E(1)

 

Cid Date Qty 
1 90/01/01 3 
3 90/01/01 5 

4 90/01/01 3 

2 90/01/02 3 

5 90/01/02 2 

7 90/01/02 3 

6 90/01/03 4 

1 90/01/06 4 

2 90/01/08 3 

5 90/01/09 3 

6 90/01/10 5 

1 90/01/12 3 

3 90/01/12 6 

4 90/01/12 2 

7 90/01/12 3 

7 90/01/22 4 

3 90/01/24 4 

4 90/01/25 2 

5 90/01/28 3 
4 90/02/04 2 

7 90/02/04 3 

7 90/02/23 4 

7 90/03/20 3 
7 90/04/07 4 

 
 
 
 

 



 

Table 3 Sorted transaction table for 
item A 

Cid Date Qty 
1 90/01/01 3 
1 90/01/06 4 
1 90/01/12 3 
2 90/01/02 3 
2 90/01/08 3 
3 90/01/01 5 
3 90/01/12 6 
3 90/01/24 4 
4 90/01/01 3 
4 90/01/12 2 
4 90/01/25 2 
4 90/02/04 2 
5 90/01/02 2 
5 90/01/09 3 
5 90/01/28 3 
6 90/01/03 4 
6 90/01/10 5 
7 90/01/02 3 
7 90/01/12 3 
7 90/01/22 4 
7 90/02/04 3 
7 90/02/23 4 
7 90/03/20 3 
7 90/04/07 4 

 

Table 4 Consumption Table 

UID Cid Consumption Rate (CR) 
1 1 1.67 
2 1 1.5 
3 2 2 
4 3 2.2 
5 3 2 
6 4 3.67 
7 4 6.5 
8 4 5 
9 5 3.5 

10 5 6.33 
11 6 1.75 
12 7 3.33 
13 7 3.33 
14 7 3.25 
15 7 6.33 
16 7 6.25 
17 7 6 

 
Table 5  Consumer Table 

Cid age sex no. of family 
1 22 female 4 
2 23 female 3 
3 21 male 3 
4 24 male 4 
5 25 female 5 
6 25 male 2 
7 24 female 5 

 

A. Mining consumption patterns 

The consumption behavior of a consumer for an item can be described by using the 
consumption rates for the consumer. The similar consumption rates for an item can be grouped 
into a consumption interval. Therefore, all the consumption rates in the Consumption Table can 
be scattered in a one dimensional space, and then we apply a clustering algorithm [6] to find the 
dense ranges of the consumption rates in the one dimensional space, in which a dense range is a 
consumption interval. The support for a consumption interval is the ratio of the number of the 
records whose consumption rates are in the consumption interval to the total number of the 
records in the Consumption Table. A consumption interval is frequent if the support for the 
consumption interval is no less than a user-specified minimum support threshold. A frequent 
consumption interval for an item is a consumption pattern for the item, which is a consumption 
behavior for most of the consumers for the item. 

The clustering algorithm DBSCAN [6] is used to cluster the consumption rates and find the 
consumption intervals, which is described as follows. For a data point p as a center, the other 
data points in the circle area of a user-specified radius r can form a cluster if the number of the 
data points in the area is no less than a user specified minimum number of the data points 
(MinPts) and the data point p becomes the center of the cluster. DBSCAN requires that there 
must be at least 3 data points in a cluster. If one cluster contains the center of another cluster, 
then the two clusters will be merged into a single cluster. A data point is regarded as a noise if it 
is not contained in any cluster, which will be ignored and won’t be considered any more. For the 
problem of mining frequent consumption interval, a consumption rate can be regarded as a data 
point. 



 

Therefore, DBSCAN clustering algorithm needs two parameters: a radius r to restrict the 
area of a basic cluster and a MinPts to identify the dense area. We provide users to determine the 
values of the two parameters r and MinPts according to expressions (2) and (3), in which MaxR 
and MinR are the maximum consumption rate and the minimum consumption rate, respectively, 
in the Consumption Table, DiffR is the total number of the distinct consumption rates in the 
Consumption Table and TD is the number of the records in the Consumption Table. 
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For example, there are 17 data points (TD) and 14 distinct consumption rates (DiffR) in 

Table 4, in which the maximum consumption rate (MaxR) is 6.5 and the minimum consumption 
rate (MinR) is 1.5. According to expressions (2) and (3), we can obtain the radius r and the 
minimum points MinPts as follows: 
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The 17 data points in Table 4 are scattered in a one dimensional space and three clusters 

(i.e., three consumption intervals) can be obtained by applying the DBSCAN algorithm with 
radius r = 0.38 and MinPts = 4. The three clusters, that is the three consumption intervals, are I1 

= [1.5, 2.2], I2 = [3.25, 3.67] and I3 = [6, 6.5], which are shown in Figure 1. 
 

 

 
Figure 1  Consumption intervals in Table 4

 

 
Figure 2 The MinRSup for consumption interval I 

 
After identifying all the consumption intervals, a minimum support (MinSup) threshold 

needs to be specified to find the frequent consumption intervals. The size of a consumption 
interval I is the difference between the maximum consumption rate and the minimum 
consumption rate in the interval, which is denoted as Size (I). Since the sizes of the different 
consumption intervals are not identical, each consumption interval should have its own 



 

minimum support, which is called a minimum range support (MinRSup), to evaluate if the 
consumption interval is frequent.  A higher MinRSup is needed, if the size of a consumption 
interval is large. Therefore, our algorithm adjusts MinRSup according to the size of the 
consumption interval and the adjusted range of the MinRSup. The adjusted range of the 
MinRSup is between Min(MinRSup) and Max(MinRSup), which are defined in expressions (4) 
and (5), where SupRate is a user-specified adjusted percentage. 
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The minimum range support MinRSup(I) for a consumption interval I can be computed by 
using expression (6), in which Ilarge and Ismall are the two consumption intervals whose sizes are 
the largest and the smallest, respectively, among all the consumption intervals. The concept of 
expression (6) is shown in Figure 2. 
 

Table 6 The status for the 3 consumption intervals
Consumption Size of interval Support MinRSup Frequent 
I1 = [1.5, 2.2] 2.2−1.5 = 0.7 6/17(35.29%) 33% Y 

I2 = [3.25, 3.67] 3.67−3.25 = 0.42 5/17(29.41%) 27% Y 
I3 = [6, 6.5] 6.5−6 = 0.5 5/17(29.41%) 28.72% Y 

 
For the above example, there are 3 consumption intervals generated, which are shown in 

Table 6. Suppose the minimum support (MinSup) and the adjusted percentage (SupRate) are 
30% and 10%, respectively, the range of the MinRSup can be computed by expressions (4) and 
(5), that is Max(MinRSup) = 30% + (30% × 10%) = 33% and Min(MinRSup) = 30% − (30% × 
10%) = 27%. According to expression (6), the minimum range support (MinRSup) for each 
interval can be obtained. For example, for the consumption interval I3 = [6, 6.5], the minimum 
range support MinRSup(I3) can be computed as follows: 
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From Table 6, we can see that the supports for the three intervals I1, I2 and I3 are 6/17, 5/17 

and 5/17, respectively. After computing the minimum range supports for all the consumption 
intervals according to expression (6), the frequent consumption intervals (i.e., consumption 
patterns) can be obtained. From Table 6, we can see that the three consumption intervals are 
frequent, that is the three consumption intervals are consumption patterns, because their supports 
are no less than their own MinRSups. Our algorithm MCP for mining consumption patterns is 
shown in Algorithm 1. 

 
Algorithm Mining consumption patterns (MCP) 
Input: a Transaction Table, a Consumer Table and 
a given consumable item “P” a given consumable item “P” 
Output: Full set of consumption patterns for item “P” 

01 Begin 
02 Remove the other items except the item “P” from the 
Transaction Table 
03 Sort the records by Cid  and Date from the Transaction Table 
04 Generate a sorted transaction table for item “P” 
05 For a consumer 
06    Compute the consumption rate RP (Ti, Ti+1) for item “P”  



 

between two neighbor records Ti and Ti+1 (i ≥ 1) 
in the sorted Transaction Table 

07    Generate the Consumption Table 
08    Cluster the consumption rates (CR) in the Consumption Table 
09    Obtain the consumption intervals 
10  For each consumption interval I  
11      Compute MinRSup for I according to expression (6) 
12      If the support of I  ≥ MinRSup 
13      then I is a consumption pattern 
14 END 

Algorithm 1 MCP Algorithm 
 

B. Mining Consumption Association Rules 

A consumption pattern reveals the consumption behaviors for most of the consumers. 
However, there may be many consumption patterns for an item in a transaction database, which 
means that there are different consumption behaviors for different consumers. Therefore, we 
need to distinguish which kinds of the consumers have which kinds of the consumption 
behaviors for an item. For example, the values in the consumption interval of toilet paper for a 
big family should be larger than that of a small family. A consumption association rule describes 
the relationship between the properties of the consumer and the consumption pattern. According 
to the properties of a consumer, we can predict the consumption behaviors for the consumer by 
applying the consumption association rules. 
 

Table 7  Consumer-Consumption Table (CCT) 
UID Cid CR age sex no. of family

1 1 1.67 22 female 4 
2 1 1.5 22 female 4 
3 2 2 23 female 3 
4 3 2.2 21 male 3 
5 3 2 21 male 3 
6 4 3.67 24 male 4 
7 4 6.5 24 male 4 
8 4 5 24 male 4 
9 5 3.5 25 female 5 

10 5 6.33 25 female 5 
11 6 1.75 25 male 2 
12 7 3.33 24 female 5 
13 7 3.33 24 female 5 
14 7 3.25 24 female 5 
15 7 6.33 24 female 5 
16 7 6.25 24 female 5 
17 7 6 24 female 5 

 
The properties of a consumer can be described by the set of the attributes in a Consumer 

Table. In order to find the relationship between the attribute values and the consumption patterns, 
the Consumer Table (e.g., Table 5) and the Consumption Table (e.g., Table 4) need to be joined 
via the consumer-id (Cid). From the joined table, the corresponding attribute values for a 
consumption rate (i.e., data point) can be obtained. The joined table is called a Consumer-
Consumption Table (CCT).  Table 7 is a Consumer-Consumption Table which is joined by Table 
4 and Table 5. 

For a consumption pattern R, the support for a set of the attribute values is the ratio of the 
number of the data points with the set of the attribute values in R to the total number of the data 
points in R. A set of the attribute values in R is frequent if the support of the set of the attribute 



 

values in R is no less than a user-specified minimum transaction support (MinTSup). For 
example, suppose a consumption pattern R contains 100 data points, in which there are 80 data 
points with attribute value {sex=male} and 20 data points with attribute value {sex=female}. 
Suppose the minimum transaction support (MinTSup) is 40%. The set of the attribute values is 
frequent in R if the number of the data points with the set of the attribute values in R is no less 
than 100 ×  40% ＝  40. Therefore, the attribute value {sex=male} is frequent in R, but 
{sex=female) is not. A set of attribute values is called a k-attribute value set (k ≥ 1) if it contains 
k attributes. For example, {sex=male} or {marriage status=single} is a 1-attribute value set and 
{sex=male, marriage status=single} is a 2-attribute value set. For a frequent 1-attribute value set, 
the UIDs of the data points with the 1-attribute value set in the Consumer-Consumption Table 
(e.g., Table 7) need to be recorded, which is called UID-list for the frequent 1-attribute value set.  

The attributes in a Consumer Table can be categorized into two types: one is categorical 
attribute (e.g., sex, occupation) and another is numerical attribute (e.g., age, the number of 
family members). For a categorical attribute, we can accumulate the number of the data points 
with the attribute values to justify which attribute values are frequent. However, it is unsuitable 
to accumulate the number of the data points with a numerical attribute value xi (1 ≤ i ≤ n), 
because n may be a large number and the number of the data points with the numerical attribute 
value xi could be very few. For example, the values of the attribute annual-income may be from 
0 to ten million dollars. Therefore, it is necessary to partition the numerical attribute values into 
some ranges and all the numerical attribute values can be replaced with the corresponding ranges. 

For a consumption pattern R, the method to partition the numerical attribute values into the 
ranges is to scatter the data points in R in a one dimensional space formed by the numerical 
attribute and then cluster the data points to form the ranges according to DBSCAN clustering 
algorithm [6], which is similar to the method to find the consumption intervals. We also provide 
users to determine the two parameters Radius e and MinPts according to expressions (7) and (8), 
in which MaxV and MinV are the maximum value and the minimum value for the numerical 
attribute, respectively, in the Consumer Table; DiffV is the total number of the distinct values for 
the numerical attribute in the Consumer Table; TD is the total number of the records in the 
Consumer-Consumption Table and TR is the number of the data points in the consumption 
pattern R. 
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The radius e is the same as radius r in expression (2). Different from expression (3), the 
MinPts in expression (8) considers both the uniform distribution of the data points in the 
Consumer-Consumption Table and the ratio of the number of the data points within the 
consumption pattern to the total number of the data points in the Consumer-Consumption Table. 
For example, in Figure 3, x-axis represents the values of the numerical attribute age and y-axis 
represents the consumption rates for an item. The dark bold vertical lines are the consumption 
patterns and the shadow areas are the clustered ranges for the attribute values, in which there are 
two ranges [21, 25] and [24, 30] in the consumption patterns I1 and I2, respectively. The support 
of a range for an attribute in a consumption pattern R is the ratio of the number of the data 
points in the range to the total number of the data points in R. A range in R is a frequent range if 
the support of the range is no less than MinTSup. A frequent range is also regarded as a frequent 
1-attribute value set. 
 



 

Figure 3 Numerical attribute 2-D projection 

For the above example, suppose the MinTSup is set to be 50%. In Table 7, there are 6 data 
points in the consumption pattern [1.5, 2.2], and the corresponding UIDs are 1, 2, 3, 4, 5 and 11, 
respectively. From Tables 7, we can see that the UID-lists of the attribute value sets {sex=male} 
and {sex=female} in [1.5, 2.2] are {4, 5, 11} and {1, 2, 3}, respectively, and their supports are 
3/6 (50%).Therefore, they are frequent 1-attribute value sets in the consumption pattern [1.5, 
2.2]. For the numerical attribute age in the consumption pattern [1.5, 2.2], the 6 data points with 
attribute values age = 22, 22, 23, 21, 21 and 25, respectively, in the consumption pattern can be 
scattered in a one dimensional space formed by the attribute age. From Table 7, we can see that 
there are 5 distinct consumption rates in the consumption pattern [1.5, 2.2]. For the 6 data points, 
the maximum value for attribute age is 25 and the minimum value is 21. According to 
expressions (7) and (8), we can obtain the radius e and the MinPts as follows: 
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The range [21, 23] can be obtained for the attribute age by applying the DBSCAN 

clustering algorithm with radius e = 1 and the minimum points MinPts = 4. The 1-attribute value 
set {age = [21, 23]} is frequent and the corresponding UID-list is {1, 2, 3, 4, 5}, because the 
support of the range is 5/6 (83%), which is no less than MinTSup (50%). For the numerical 
attribute no. of family, we can find the range [2, 4] in the consumption pattern [1.5, 2.2]. The 1-
attribute value set {no. of family = [2, 4]} is frequent and the corresponding UID-list is {1, 2, 3, 
4, 5, 11}, since the support of the range is 6/6=100%  MinTSup = 50%. For a consumption 
pattern R, a candidate (k+1)-attribute value set (k ≥ 1) can be generated by joining two frequent 
k-attribute value sets as follows. For any two frequent consumption k-attribute value sets X = 
{A1=V1, A2=V2,…, Ak=Vk} and Y = {B1=U1, B2=U2,…, Bk=Uk}, the candidate (k＋1)-attribute 
value set {A1=V1, A2=V2,…, Ak-1=Vk-1, Ak=Vk, Bk=Uk} in R can be generated if Ai = Bi , Ui = Vi (i, 
1 ≤ i ≤ k-1) and Ak  Bk. The UID-list for the candidate (k＋1)-attribute value set can be obtained 
by performing the intersection operation on the UID-lists of the two frequent k-attribute value 
sets X and Y. The support of the candidate (k＋1)-attribute value set is the ratio of the number of 
the elements in its UID-list to the total number of the data points in Consumer-Consumption 
Table. If the support of the candidate (k＋1)-attribute value set is no less than MinTSup, then it 
is a frequent (k＋1)-attribute value set. 

For example, {sex=female} and {age=[21, 23]} are two frequent 1-attribute value sets in 
the consumption pattern [1.5, 2.2] and their UID-lists are {1, 2, 3} and {1, 2, 3, 4, 5}, 
respectively. The two frequent attribute value sets {sex=female} and {age=[21, 23]} in the 



 

consumption pattern [1.5 2.2] can be joined to generate the candidate 2-attribute value sets 
{sex=female, age=[21 23]} and its UID-list is {1 2 3} ∩ {1 2 3 4 5} = {1 2 3}. Therefore, 
{sex=female, age = [21 23]} is a frequent 2-attribute value set in [1.5, 2.2], because its support 
is 3/6=50%  MinTSup = 50%.  For the above example, all of the frequent 2-attribute value sets 
in the consumption pattern [1.5, 2.2] and their UID-lists are shown in Table 8. 
 
 

Table 8 Frequent 2-attribute value sets in consumption pattern [1.5, 2.2] 
Attribute value set Support UID-list 

{sex=female, age=[21 23]} 3/6(50%) {1 2 3} 
{sex=female, no. of family=[2 4]} 3/6(50%) {1 2 3} 
{sex=male, no. of family= [2 4]} 3/6(50%) {4 5 11} 

{age=[21 23] no. of family= [2 4]} 5/6(83%) {1 2 3 4 5} 
 

From Table 8, the two frequent 2-attribute value sets {sex=female, age=[21 23]} and 
{sex=female, no. of family=[2 4]} can be joined to generate a candidate 3-attribute value set 
{sex=female, age=[21 23], no. of family=[2 4]} which is  also frequent because its UID-list = 
{1 2 3} ∩ {1 2 3} = {1 2 3} and the support is 3/6 = 50%. 

A frequent attribute value set in a consumption pattern R is the important characteristics of 
the consumers with the consumption behavior R. However, the number of the consumers with 
the attribute value set in the consumption pattern R may be not more than the number of the 
consumers with the attribute value set in the Consumer-Consumption Table. For example, 
although the 1-attribute value set {sex=female} is frequent in the consumption pattern [1.5 2.2], 
the ratio of the number of the consumers with sex=female in [1.5 2.2] to the total number of the 
consumers with sex=female is 50%. That is, there are the other half consumers whose sex is 
female without the consumption behavior [1.5 2.2]. We cannot conclude that the consumers 
whose sex is female will consume 1.5~2.2 days per item A. Therefore, we define the 
consumption association rule as follows: for a rule S => R, in which S is an attribute value set 
and R is a consumption pattern, the confidence of the rule is the ratio of the number of the 
consumers with the attribute value set S in R to the total number of the consumers with the 
attribute value set S in the Consumer-Consumption Table. 
 

Table 9 The rules with the consumption pattern [1.5 2.2] 

(a) The confidences of the rules with frequent 1-attribute value sets 
Rule Confidence

{sex=female}  [1.5 2.2] 2/4=50%
{sex=male}  [1.5 2.2] 2/3=66.7%

{age=[21 23]}  [1.5 2.2] 3/3=100%
{no. of family=[2 4]}  [1.5 2.2] 3/5=60%

 

(b) The confidences of the rules with frequent 2-attribute value sets 
Rule Confidence 

{sex=female, age=[21 23]}  [1.5 2.2] 2/2=100% 
{sex=female, no. of family=[2 4] }  [1.5 2.2] 2/2=100% 
{sex=male, no. of family=[2 4] }  [1.5 2.2] 2/3=66.7% 

{age=[21 23] no. of family=[2 4] }  [1.5 2.2] 3/3=100% 
 

(c) The confidences of the rules with frequent 3-attribute value set 

Rule Confidence 

{sex=female, age=[21 23], no. of family= [2 4] }  [1.5 2.2] 2/2=100% 
 

 



 

For a consumption pattern R, if S is a frequent attribute value set in R and the confidence of 
S  R is no less than a user specified minimum confidence, then SR is a consumption 
association rule. For example, {sex = female, age = [21 23]} is a frequent 2-attribute value set 
in the consumption pattern [1.5, 2.2]. The confidence for the rule {sex = female, age = [21 23]} 
 [1.5, 2.2] is 3/3=100%, which is a consumption association rule if the minimum confidence is 
set to be 80%. This rule means that the consumers whose sex are female and age are between 21 
and 23 will consume 1.5~2.2 days per item A. For the above example, all the generated rules and 
their confidences are shown in Table 9. The algorithm for mining consumption association rules 
is shown in Algorithm 2. However, the properties of a consumer may satisfy the attribute value 
sets of more than one consumption association rules. In this case, we have the following priority 
to choose the rules to be applied: (1)We first choose the rules with the most attributes in the 
attribute value set among all the rules. (2) If there is more than one rule satisfies case (1), then 
the rules with the highest confidence are chosen. If there is more than one rule with different 
consumption patterns satisfying case (2), then these rules are applied one by one. For example, if 
one rule says that the consumer will consume the item 3 days, and another rule says that the 
customer will consume the item 10 days, then we can send the DM to the consumer after 3 days 
when she/he bought the item. If the consumer has not bought the item after 3 days, then we can 
send the DM again to the consumer after 10 days. That is, if the consumer does not have the 
consumption behavior in a rule, then she/he may have the consumption behaviors in the other 
rules. 
 

Algorithm Consumption association rule generation (CAR) 
Input: a Consumption Table, a Consumer Table and the consumption patterns 
Output: a Consumer-Consumption Table, full set of consumption association rules

01 Join the Consumer Table and the Consumption Table via the consumer-id and obtain a Consumer-
Consumption Table (CCT). 
02  For each consumption pattern R  
03      For each attribute A in the Consumer Table 
04           If  A is a numerical attribute 
05           then Cluster the data points in R and  
06                   Partition the values of A into ranges 
07                For each value (or range) of A 
08                    If the support of {A=V} ≥ MinTSup 
09                    then {A=V} is a frequent 1-attribute value set 
10                             Record UID-lists of {A=V} in R 
11        For every two frequent k-attribute value sets (k ≥ 1)  

X = {A1=V1, A2=V2,…, Ak=Vk} and  
Y = {B1=U1, B2=U2,…, Bk=Uk}  

 

12              If  Ai = Bi , Ui = Vi (i, 1 ≤ i ≤ k-1) and Ak  Bk  
13              then Perform the intersection operation on the UID-lists of the two frequent k-attribute value 

sets X and Y 
14                     Generate the candidate (k＋1)-attribute value set  
15                     Z = {A1=V1, A2=V2,…, Ak-1=Vk-1, Ak=Vk, Bk=Uk} 
16                     Compute the support of Z from the UID-list of Z 
17                     If  the support of Z ≥ MinTSup 
18                     then Z is a frequent (k＋1)-attribute value set 
19        For each frequent attribute value set S 
20              If  the confidence of S  R is no less than minimum confidence  
21              then  S R is a consumption association rule 
22 End 

 

Algorithm 2 CAR Algorithm 
 

Assume that the minimum confidence is 75%. All the consumption association rules are shown 
in Table 10. We can use consumption association rules to predict the next purchased time for a 



 

consumer according to the properties of this consumer and the purchased quantity of the item 
bought by the consumer at this time. That is, the next purchased time of an item for a consumer is 
the product of the consumption pattern and the purchased quantity of the item bought by the 
consumer at this time. The seller can promote the product sales and arrange the product stocks to 
gain the profits according to the consumption association rules. 

For example, a consumer whose sex is female, age is 22 and no. of family is 3 satisfies the 
attribute value sets of the six rules in Table 10. However, only the rule 6 is chosen to predict 
when the consumer will need item “A”, because rule 6 has the most attributes among all the 
rules. The consumption pattern for rule 6 is [1.5, 2.2], that is this consumer will consume one 
item “A” for 1.5~2.2 days. If this consumer purchased 3 items “A” at this time, then she/he will 
need item “A” after (1.5 × 3= 4.5)～(2.2 × 3 = 6.6) days and then the seller can send the sales 
DM to her for product promotion before she/he comes back to purchase item “A”. 

 
Table 10 Consumption association rules

no. Consumption association rule Confidenc
e 

1 {age=[21 23]}  [1.5 2.2] 100% 
2 {no. of family=[2 4]}  [1.5 2.2] 75% 
3 {sex=female, age=[21 23]} [1.5 2.2] 100% 
4 {sex=female, no. of family=[2 4]}  [1.5 2.2] 100% 
5 {age=[21 23], no. of family=[2 4]}  [1.5 2.2] 100% 

6 {sex=female, age=[21 23] , no. of family=[2 4]}  [1.5
2.2] 100% 

IV. EXPERIMENTAL RESULTS 

Because there is no research for mining consumption patterns so far, our algorithm is the 
first approach for mining consumption patterns. Therefore, we only evaluate the performance for 
our algorithm. Our experiments were conducted on Intel®Pentium®4 CPU 3.40GHz with 3.39 
GHz, 2.50GB memory using C# Programming Language and running on Microsoft windows 7 
enterprise version environment. The synthetic datasets are generated from IBM Data Generator 
[27] with parameters described in the following sub-section. 

A. Synthetic data generation  

We generate the synthetic Consumption Table (e.g., Table 4) which contains the 
consumption rate for a specific item and synthetic Consumer Table (e.g., Table 6) which consists 
of a set of attributes. All the parameters which are used to generate the synthetic datasets are 
listed in Table 11, in which DS = DiffV/TR is the degree of the data distribution in expression (8). 
For example, suppose there are 100 data points in the Consumption Table and DS is set to be 
80%. The number of the different consumption rates will be 100 × 80% = 80.  
 

Table 11 The parameters of the synthetic datasets
Parameter Description

TD The number of the records in the Consumption Table
CN The number of the categorical attributes
NN The number of the numerical attributes

FC The number of the frequent categorical attribute value sets in 
each consumption pattern

FN The number of the frequent numerical attribute value set in 
each consumption pattern

RN The number of the potential consumption patterns
DS The degree of the data distribution

 
To generate the synthetic Consumption Table, we first set the values of the maximum 

consumption rate and the minimum consumption rate, and then the cluster radius (e) of the 
consumption rates and MinPts can be computed according to expressions (7) and (8), 



 

respectively. After setting the number of the potential consumption patterns (RN) and the 
potential consumption patterns, all the consumption rates in the Consumption Table can be 
generated. For each numerical attribute, we first set the maximum value and the minimum value, 
and then the cluster radius (e) of the numerical attribute values and MinPts also can be computed 
by expressions (7) and (8), respectively. After setting the values of CN, NN, FC, FN and the 
potential frequent attribute value sets, all the attribute values in the Consumer Table can be 
generated. 
 

B. Performance analysis  

For the first experiment, the parameter settings about synthetic datasets are shown in Table 
12, in which there are 4 data datasets. Dataset A is regarded as a standard base; Different from 
Dataset A, the numbers CN and NN of the attributes for Dataset B are twice of that for Dataset 
A, the numbers FC and FN of the frequent attribute value sets in each consumption patterns for 
Dataset C are twice of that for Dataset A, and the number RN of the potential consumption 
patterns for Dataset D is twice of that for Dataset A. 

In this experiment, we set the number of the records TD in the synthetic Consumption 
Table from 10K up to 100K, the minimum support MinSup = 20%, the adjusted percentage 
SupRate = 0% which means that the MinRSup for all the consumption intervals is 20%, the 
minimum transaction support MinTSup = 70% and the minimum confidence = 80% to evaluate 
the performances of our MCP+CAR algorithm on the four datasets, which are shown in Figure 
4. From Figure 4, we can see that our algorithm is stable, since the execution times for all the 
datasets slightly increase as the number of the records in the Consumption Table increases. 

Although the number of the attributes in the Consumer Table for Dataset B is twice of that 
for Dataset A and the number of the potential consumption patterns for Dataset D is twice of that 
for Dataset A, the execution time for our algorithm on Dataset B and D are less than twice of the 
execution time for Dataset A. Besides, the performance of our algorithm on Dataset C is similar 
to that on Dataset A, since our algorithm only needs to take a little time to join all the two 
frequent k-attribute value sets and performs the intersection operation on the UID-lists of the two 
frequent k-attribute values sets for generating the frequent (k+1)-attribute value set. Therefore, 
the number of the consumption patterns only slightly affects the performance of our algorithm. 
 

Table 12 The parameters for the first experiment 
Parameter CN NN FC FN RN DS MinRSup MinTSup 
Dataset A 4 4 2 2 2 80% 15% 50% 
Dataset B 8 8 2 2 2 80% 15% 50% 
Dataset C 4 4 4 4 2 80% 15% 50% 
Dataset D 4 4 2 2 4 80% 15% 50% 

 

 
Figure 4 The execution times for our algorithm on the four datasets 



 

For the second experiment, we generate the synthetic dataset using the parameters in Table 
13 and partition the dataset into the training dataset and the testing dataset by the ratio of 9:1. In 
this experiment, we set the minimum support MinSup = 20%, the adjusted percentage SupRate = 
0%, and the minimum confidence = 70%.  We generate the consumption association rules from 
the training dataset and use the testing dataset to evaluate the accuracy of the generated 
consumption association rules. For the 1000 records in the testing dataset, we record the number 
of the records without matching any rule (No_Match_Num), the number of records with 
matched rule (Match_Num) and the number of the records which are predicted correctly 
(Correct_Num). Finally, the accuracy can be calculated by (Correct_Num) / (Match_Num).  
 

Table 13 The parameters settings for the second experiment 
Parameter TD CN NN FC FN RN DS MinRSup MinTSup 

value 10K 4 4 2 2 2 80% 15% 50% 
 

Table 14 The comparison of experimental results for the second experiment 

Fold 
No. 

Match 
Num 

Match 
Num 

Correc
t Num

Accuracy

CAR See5 Neural 

0 1 999 917 91.8% 92.0% 90.0% 
1 0 1000 918 91.8% 94.6% 92.7% 
2 6 994 899 90.4% 93.4% 90.7% 
3 2 998 899 90.1% 93.1% 90.9% 
4 2 998 899 90.1% 92.4% 91.2% 
5 0 1000 919 91.9% 92.2% 91.4% 
6 2 998 892 89.4% 93.2% 92.6% 
7 4 996 902 90.6% 93.2% 91.5% 
8 3 997 899 90.2% 92.0% 92.3% 
9 1 999 907 90.8% 94.3% 91.5% 

Average 2.1 997.9 905.1 90.7% 93.0% 91.5% 
 

After finding the consumption patterns, we can also use the classification algorithms [7, 15, 
16, 26] to discover what kinds of the consumers have which consumption patterns. That is, the 
classification models also can be used to predict the consumption behavior for a consumer after 
finding the consumption patterns by our algorithm MCP. Therefore, we apply two well-known 
classification algorithms and the target attribute is “consumption pattern” to construct the 
classification models. Table 14 shows the experimental results after running 10 folds, from 
which we can see that the accuracy of algorithms See5 [15, 16] and Neural Network [7, 26] are 
little better than CAR algorithm after finding the consumption patterns by MCP algorithm. 
However, the rules derived from the decision tree See5 are more complicated because the 
average depth of the decision tree is 8 and the average node is 208. The execution time for 
algorithm Neural Network is slower than the other two algorithms and there is no rules can be 
generated by using Neural Network.  
 

V. CONCLUSIONS AND FUTURE WORK 

This paper proposes a new concept of the consumption behaviors for the consumers. We 
first define the consumption rates and cluster the consumption rates to generate consumption 
intervals. We further define the consumption pattern which is the consumption behavior for most 
of the consumers, and propose an algorithm MCP for mining consumption patterns. The 
consumption patterns can be used to predict when a consumer needs an item in the future 
according to the purchased quantity of this item purchased by the consumer. However, because 
there are different properties for different kinds of the items, there are different consumption 
behaviors for different items and the same threshold (e.g., MinSup) cannot be applied to 
different kinds of the items. Therefore, we only can process the items on by one. We can use a 
loop to process each item by using MCP or parallel process each item by using MCP in 
different CPUs to improve the mining efficiency. 



 

Because there are many kinds of consumption behaviors for the consumers, we observe 
that the consumption behaviors always depend on the properties of the consumers. Therefore, 
we define and discover the consumption association rules which describe the relationships 
between the consumption patterns and the properties of the consumers, such that we can 
precisely predict the next purchased time for a consumer according to the properties of the 
consumer and the purchased quantity of the item bought by the consumer at this time. Our 
algorithm MCP also can be combined with the existing classification algorithm to predict the 
consumption behaviors for the consumers. In the future, we’ll analyze the properties of the items 
and cluster the items with the similar properties, and then find the consumption association rules 
for the items in the same cluster simultaneously to improve the efficiency. 
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