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Recently, there has been an increasing interest in applying association rule mining 

on data warehouses to identify trends and patterns that exist in the historical data present 

in large data warehouses. These warehouses have a complex underlying multidimen-

sional structure and the application of traditional rule mining algorithms becomes hard. 

In this paper, we review and critically evaluate the techniques proposed for mining asso-

ciation rules from data warehouses. Literature review reveals the fact that majority of the 

prior approaches heavily rely on domain knowledge, require manual and user dependent 

discovery tasks, lack the ability of mining multi-level association rules, deficient in ap-

plying advanced rule interestingness measures and do not provide any visual assistance 

to analysts for the exploration of discovered rules. In order to overcome these limitations 

and to fill the identified research gaps, we propose a conceptual model for the discovery 

of multi-level mining and visualization of association rules from data warehouses. We 

have validated the model using two real-world datasets taken from UCI machine learn-

ing repository. Moreover, we evaluated the discovered rules using advanced interesting-

ness criterion and the results obtained through experiments show that the rules generated 

with our approach are more informative and statistically interesting as compared to the 

previous approaches of multidimensional rule mining.    
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visualization 

 

1. INTRODUCTION 
 

Association rule mining is a popular technique to discover relationships among the 

different item-sets in transactional database [19]. More recently, there is a trend to apply 

association rule mining on data warehouses in order to obtain hidden trends from the 

summarized data as researchers suggest that association rule mining is useful in applica-

tions going beyond standard market basket analysis [21]. A number of techniques have 

been proposed in the literature which supports the application of association rule mining 

on data warehouses to discover hidden patterns [1]. However, traditional approaches of 

association rule mining do not provide desired outcomes when applied to data ware-

houses due to the fact that these approaches were suitable only for transactional data and 

doesn’t cater for the challenges present in rich multidimensional structure, usually STAR 

schema, present in the data warehouses. Moreover, the aggregates are stored in the form 

of data cubes and the presence of dimensional hierarchies also makes it hard to apply rule 



 

  

mining at multiple levels of data abstraction. 

Literature review reveals two major applications of association rule mining over data 

warehouses. One way is to apply the rule mining algorithms on the well-known STAR 

Schema present in data warehouses to discover hidden trends and patterns in the form of 

rules [2-5]. The other way of rule mining is to apply the algorithms on data cubes to ex-

ploit the relationships which might exist among the rich and informative dimensions 

[6-11]. 

 However, in order to discover such association rules, the automation of discovery 

process is required due to limited capabilities of human experts for the evaluation rela-

tionships which exist in high dimensional data structures [5]. For instance, it is not a 

straight forward task to identify the most informative dimensions present in a large da-

taset. Usually, analysts rely on domain knowledge in order to select the important dimen-

sions and measures present in a data warehouse [7, 12, 13]. There is a strong need of au-

tomated methods that assist the analysts in identifying the significant dimensions for min-

ing interesting rules. Additionally, it is worthy to point out that the information that re-

sides at different levels of data abstraction highlights the important trends and patterns in 

the data. Therefore, it is very important to explore such patterns at multiple levels of data 

abstraction during the rule mining process. 

Furthermore, in the existing work on multidimensional association rule mining, in-

terestingness evaluation of discovered rules is done through traditional support and con-

fidence thresholds in the past [5, 12]. The advanced interestingness measures, such as 

importance and diversity measures, have not been utilized in majority of the previously 

proposed approaches. Finally, the visual assistance in order to explore the rules has been 

neglected in the past which allows the interactive analysis and exploration of the discov-

ered rules for better and efficient decision making. Recently, a number of proposals iden-

tified that visualization of association rules using tabular format or graphical representa-

tion could be a worthy addition to provide analysts the ability to extract information 

quickly and efficiently [8, 11, 12]. However, these proposals lack the ability to summa-

rize and display large number of rules obtained via rule mining algorithms in a compact 

visual interface.   

The aforementioned limitations motivated us to propose a conceptual model for the 

discovery of multi-level mining and visualization of association rules. We have made the 

following major contributions in this paper which distinguishes our work from the previ-

ously reported work [5] on similar lines. Firstly, we have utilized a single dimension re-

duction method namely Principal Component Analysis (PCA) for the ranking of numeric 

and nominal variables. Unlike the previous approach [5] of utilizing different reduction 

methods of ranking numeric and nominal variables, we rely on a single method as two 

separate methods does not take into consideration the semantic relations that exist in the 

tuples containing both numeric and nominal values. Secondly, we show that with this new 

method of ranking, more informative and statistically diverse rules are obtained as com-

pared to the rules discovered by the previous approach. Thirdly, we provide a new 

graphical interface for visualizing large number of rules in an effective manner which was 

completely missing in the previous work. Our visual interface allows grouping of rules 

having similar importance values. This reduces the exploration search space and helps the 

analysts in the quick identification of interesting rules. Moreover, the visualization inter-

face consists of a dependency network which facilitates the analysts in the visual explora-



 

  

tion of underlying relationships and dependencies of various items in rule sets. Finally, 

we have validated the proposed model using two real-world datasets taken from UCI 

machine learning repository. The rules have been evaluated using advanced interesting-

ness measures and it is shown that the rules generated through our approach are more 

informative as compared to the previous similar approach of rule mining proposed in [5]. 

The rest of paper is organized as follows: Section 2 presents the literature review of 

the techniques available in the literature for mining association rules. In Section 3 we 

present critical evaluation of these techniques followed by Section 4, which provides an 

overview of our proposed model. Section 5 present the details of our case study per-

formed on real-world Automobile dataset. Finally, Section 6 concludes the work done in 

this paper and enlists future research directions.  

2. RELATED WORK 

In recent years, A number of techniques have been proposed in literature for associ-

ation rule mining over data warehouses. Kamber et al. in [1] proposed a set of algorithms 

which constructs association rules from a data cube structure. The proposed mD-Slicing 

algorithm works on data cube and finds large item sets in each dimension using a mini-

mum support and confidence threshold. The rule generation process checks the confi-

dence of potential rules and sorts the rules accordingly on basis of confidence value. In 

case the cube is not available, then the proposed approach builds a cube on the fly. An-

other similar algorithm was proposed by the authors that prunes records during cube con-

struction to separate large item-sets and generates rules at the end of the process from a 

smaller set. Authors showed that their proposed algorithm outperformed the traditional 

Apriori algorithm. However, multi-level mining and visualization of rules for meaningful 

discovery of rules have not been targeted by the authors. 

In order to facilitate analysts by providing a set of rules for mining rules, [7] used 

meta-rule guided mining approach on data cubes. This approach finds the desired rule 

patterns on data cubes which consist of aggregated data from the data warehouse. If a 

pre-computed data cube is available, then two algorithms were proposed to mine rules. 

Firstly, Multi-D-Slicing algorithm finds large 1-predicate sets and uses them to perform 

multi-dimensional slicing on the data cube. Secondly, n-D cube Search algorithm inspects 

p-D cells of an n-D cube and selects itemset if minimum support threshold is satisfied. If 

there is no pre-computed data cube available, cube computation process is added to the 

mining process. Abridged n-D cube construction algorithm uses meta- rule information to 

construct and search only a subset of an n-D cube. Abridge multi-p-D cube construction 

algorithm mines a p-predicate meta-rule with n related dimensions. This method guaran-

tees the users that the interesting patterns are found as the process is meta-rule guided 

where rules are declared by the users. Authors didn’t consider the multi-level association 

rule mining as well as they didn’t provide the visualization method for the generated rules 

as the primary focus remained on meta-guided rule mining. 

In order to advance the rule mining in data warehouses, the authors in [8] made the 

first attempt to divide the mining of association rules in multidimensional environment 

into three categories. Intra-dimensional association is the association within one dimen-

sion, whereas inter-dimensional association is the association between multiple dimen-



 

  

sions. The hybrid category is obtained by combining both of the other categories. The 

process adapted by the authors consists of converting a data cube in tabular form, discov-

ery of frequent items from this format and mining of association rules from the frequent 

items. The graphical component consists of two types of graphs. Ball graph provides the 

association rule representation with balls and line-arrows, where ball represents the fre-

quent item and line-arrow represents one rule. The width of arrow head defines the con-

fidence of that rule. Bar Graph puts items on both axes, with rule height represents the 

support of rule, and color represents the confidence of rule. In both visualization tech-

niques, the huge number of rules might not be easy to interpret. 

To the best of our knowledge the concept of extended association rules is first in-

troduced in [14], which deals with association of more than one dimension. The frame-

work allows users to select non-item attributes in order to start the process. The process 

creates SQL queries to generate association rules using these attributes. The other part of 

framework mines rules from aggregated data. The extended rules and rules from aggre-

gated data are generated through query processing over the data warehouse and don’t 

require the data to be loaded from the data warehouse. However the technical knowledge 

of user is required in this approach. 

In order to mine fuzzy association rules from data warehouses, authors in [16] pre-

sented a new algorithm which generates fuzzy association rules in a sequence of steps. 

First step constructs the basic data source using hierarchy trees and fuzzy set tables. The 

second step generates large scale item sets from this data and the fuzzy rule generating 

algorithm generates association rules in the last step. The algorithm has been evaluated 

using Adult dataset from UCI machine learning repository. The authors have used con-

ventional support and confidence measures as in case of mining association rules over 

transaction databases. Unlike the work done in this paper, advanced interestingness eval-

uation of rules using statistical measures has not been performed.  

In order to improve the computational time of Apriori Algorithm for mining associa-

tion rules using data cubes, Wang et al. [17] presented an improved multi-level algorithm 

using data cubes. The authors enlist deficiencies in existing association rule mining algo-

rithms in transactional databases. Such deficiencies include large candidate itemset gen-

eration, redundant association rules and inability to work with dimension hierarchies. The 

proposed algorithm makes use of concept hierarchies to dynamically adjust the dimension 

hierarchy. Authors also use Hash technology to optimize the mining algorithm. The algo-

rithm also includes a step to filter out the redundant rules automatically. The performance 

of algorithm is compared with Apriori algorithm and computational time is reported to be 

decreased. The primary focus of this technique is to reduce the computational time, how-

ever rule evaluation for interestingness was missing in their work.  

As a special case study, the work in [9] presented a method to discover association 

rules from specific data cubes called FolkloreCubes which are created from an archival 

fund with folklore materials of Folklore Institute. The authors created an application to 

generate these cubes and provided an interface to the user to select the interested dimen-

sions with a minimum support value. The procedure generates frequent item sets which 

are further used in the rule generation process. User can provide minimum confidence for 

this step. A tabular set of rules is generated along with a visual column-bar graph for the 

user. In graph, each rule is presented by a column where height of the column denotes the 

support of that rule. However it may become difficult in terms of visualization when it 



 

  

comes to visualize too many rules at once. 

Multi-relational pattern mining was done by Silva et al. in [18] by exploiting the 

STAR schema. The authors presented an algorithm called Star FP Stream which aims to 

find the frequent patterns in a large star schema, and mines directly the data. The authors 

claim to overcome the "join before mining" algorithm. The presented algorithm finds 

frequent patterns at some level of aggregation. Moreover, it is able to deal with degener-

ate dimensions by aggregating the rows in the fact table corresponding to the same busi-

ness fact, and still mining directly the star schema. The algorithm has been tested on two 

star schemas including sales and healthcare domains. The authors show that the algorithm 

provides more than 60% prediction accuracy. The authors claim that the time and 

memory requirements of algorithm are not dependent upon the number of transactions, 

but on characteristics of data. Although higher prediction accuracies are achieved in the 

process, the dependency on domain knowledge has a large impact on its usage in the 

business domains. 

Inspired by [1, 7], Messaoud et al in [11] used the meta-rule guided mining on data 

cubes with advanced aggregated measures. This adaption makes it possible to generate 

rules from subset of a data cube rather than the whole set which reduces the run-time of 

mining process. Rules are mined based on aggregate measures like min, max, average, 

sum instead of traditional COUNT measure. The mining process is based on Apriori algo-

rithm using bottom-up approach. The authors proposed the creation of a Visualization of 

Association Rules and usage of hierarchical aspect of cube dimensions. 

One year later, an enhancement of the work done in [11] has been proposed in [12]. 

The new proposal included visualization of association rules and a novel online environ-

ment for mining association rules in data cubes called OLEMAR (Online Environment for 

Mining Association Rules) was presented. The rules are discovered with their previous 

method and evaluated with Lift and Loevinger measures like before. However, discovered 

rules are presented through a visual representation based on the Graphics Semiology 

principles which performs rule mapping information to images. An item set is presented 

by a blue square and the relationship between different item sets is presented by red equi-

lateral triangles. The support and confidence measures are presented by the side of the 

surface of shapes. Luminosity of shapes is used to define the interestingness of rules. The 

visualization of rules may not be much explanatory where we have many rules to compare 

because luminosity and surface sizes may not have clear and differentiate-able visualiza-

tions in this case. 

In a different approach, Usman et al. in [5] divided the association rule mining on 

multidimensional data in two parts. They created a multidimensional schema through sta-

tistical and data mining techniques. Based on the schema, they generated association rules 

through data cubes which were further evaluated through diversity criterion to measure 

interestingness. Authors used agglomerative hierarchical clustering (bottom up approach) 

to generate a dendrogram. Variables inside clusters were ranked in order to obtain a 

smaller set of variables. Numeric variables were ranked using PCA (Principal Component 

Analysis), whereas Information Gain technique was used to rank the nominal variables. 

Association rules were generated from this data cube using Apriori Algorithm. This tech-

nique ranks numeric and nominal variables separately. It will be interesting to see the 

behavior of mining process if nominal variables are converted to numeric variables and 

PCA is applied to all variables instead. 

It is clear from previous study that mining at different levels of abstraction may re-



 

  

sult in interesting facts at each level. However, such scenario was only considered in the 

work done in [5]. In conventional mining systems, rules are presented to the user in tabu-

lar format. However, graphical interfaces are an alternate to better representation and 

visual exploration of generated rules. The work done in [12] presents a methodology for 

visualization of rules, but it is hard to pick rules from graphical interface with higher im-

portance. Another technique is presented in [11], which shows rules through column bar 

graph. However, if there are a large number of rules then it gets hard to visualize the rules 

using their proposed interface. 

Finally, we observe that the work done in the past lacks the ability of association 

rule mining at different levels of abstraction. Moreover, visualization of interesting rules 

is either not provided or not capable enough for analysts to identify interesting rule sets. 

In our proposed interface, we overcome the aforementioned limitation of visualizing a 

large number of rules by grouping the rules into different sets having similar values of 

importance measure. By automatic grouping similar rules on pre-defined thresholds, we 

assist the analyst in quickly identifying the interesting rules by reducing the exploration 

space. Additionally, the length of the arrow also represents the importance of the rule sets 

for quick identification. Finally, we show the dependency network of attributes in the rule 

sets. This network helps in visually exploring the underlying relationships and dependen-

cies of various attributes with each other. To the best of our knowledge, there is no such 

interface proposed in the past which groups the rules having similar importance values 

and also highlights the relationships of rule items and their individual dependencies.  

3. PROPOSED MODEL FOR MULTI-LEVEL ASSOCIATION RULE 
MINING 

It is evident from the previous work done in this area none of the proposed work in 
the past had targeted towards the integration of multi-level association rule mining with 
advanced interestingness measures and enhanced visualization capability. 

At this point the question arise that why there is a need for conceptual model for in-
tegrating multi-level association rule mining with advanced interestingness measures 
and enhanced visualization? The answer is that, though a number of enhancement 
frameworks were proposed in the past, none of the work was intended towards focusing 
on the integrated enhancement of association rule mining with advanced interestingness 
measures and visualization. We believe that there is a strong need for that and as the 
modern analytical systems are gaining popularity rapidly, user’s expectations and de-
mands from the modern mining systems have also increased. To fulfill these growing 
demands of knowledge workers, a model is required which can easily be deployed as a 
complete system and also support the integrated enhancement. 

Fig. 1 depicts the proposed conceptual model, which not only integrate multi-level 
mining of warehouse schema but also enforce integrated enhancement of discovered rules 
through advanced measures and improved visualization.  

We now explain the model with the help of an example using a hypothetical dataset. 

Consider a real world mixed variables data set D of Microsoft Certified Developers hav-

ing three numerical variables (age, tuition-fee-per-year, years-experience) and three 

nominal variables (certification-count, region, school-level) with x number of records in it. 

In the first step, we apply Agglomerative Hierarchical Clustering on the three numerical 

variables in the exemplary data set D in order to generate hierarchical clusters at different 



 

  

levels of data abstraction. This hierarchical representation, also called the dendrogram, is 

depicted in Fig. 2.  

 

Fig. 1. Conceptual model for multi-level mining and visualization of association rules 

 

Fig. 2. Dendrogram structure of hierarchical clusters 

 

We used Euclidean distance measure to separate clusters at different levels and la-

beled the hierarchical clusters by giving simple abbreviations at different data abstraction 

levels in the form of a binary tree.  

In the next step, we rank the numeric and nominal variables using Principal Compo-

nent Analysis (PCA). Unlike the previous methodology presented in [5], we use PCA on 

both numeric and nominal variables. Our preference for the application of a single statis-

tical method on both type of variable is due to the fact that it tends to capture the natural 

relationships among the data more accurately as compared to the application of two sep-

arate statistical methods. PCA ranks the variables in terms of the degree of variance it 

captures across the data present in a cluster. The strength of PCA is the transformation of 

given set of variables into a new subset of variables which captures the highest variation. 

For instance, in order to rank the variables in cluster C1, we apply PCA on variable of 

two child clusters, namely C11 and C12 and get the factor loadings of each variable pre-



 

  

sent in these child clusters. After that the difference between the factor loadings of each 

variable is compared across the child clusters. Variable with the greatest difference in 

factor loading is ranked as the top variable and other variables are ranked accordingly. 

The reason behind this approach is that if all variables age, tuition-fee-per-year, 

no-of-certifications, sex, region, and school-level were used to define the split of C1 into 

C11 and C12, then a variable having an impact on split will have greater variance in one 

of the child clusters and lesser in the other cluster. So, for example, Region plays a very 

significant role in Cluster C11 compared with C12. This variable has the highest differ-

ence between Factor Loadings and thus stands first in ranking. Moreover, Tuition Fee Per 

Year has the least significant role in split of Cluster C1. We can conclude that each clus-

ter has different variables having impact on their splits. 

In the next step of our methodology, we apply multidimensional scaling to obtain 

natural groupings for each of the nominal variables and generate multidimensional STAR 

schema. Using multidimensional scaling proposed by Rosario in [21], semantic relation-

ships between the nominal variables could easily be found using parallel coordinates. In 

parallel coordinate display each nominal variable is represented on a vertical scale. The 

values of nominal variables are shown on the scale and the distance or spacing between 

the values highlights the similarities and differences between the nominal values. Fig. 3 

depicts the using of multidimensional scaling technique for visualizing each of the values 

of nominal variables for our running example. For instance, we can easily visualize the 

vertical scale of Region variable and quickly identify that Asia and South America are 

closer to each other as compared to Europe. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Parallel Coordinate display showing similarities and natural grouping 

 

It can be seen from Fig. 3 that the parallel coordinate display enables easy grouping of 

Region and School Level values. However, the Certification Count variable has values 

which are not easy to group using simple visual inspection. For instance, Certification 

Count values {1,2 and 3} can be easily grouped together but it is not easy to determine 

that value{ 6} should be grouped with {7,8 and 9} or should it be grouped with {4 and 5}. 

It clearly shows the requirement of a generic grouping strategy and we propose a simple 

way of grouping such semantically related values. Firstly, we take minimum and maxi-

mum value of each coordinate and calculate a threshold for assigning values. This thresh-

old is actually the mean value of the coordinate. Each value is then assigned to a group on 

the basis of proximity to each other. If the difference of two consecutive values is less 



 

  

than the threshold then the values lie in the same group otherwise a new group is formed. 

After generating all the groups we look for singleton groups. If such singleton groups 

exist then the values of these groups are merged together to form a new group called the 

“outlier” group. For example, in Fig. 3 the value (Masters) under School Level coordinate 

goes to the outlier group as per our proposed grouping procedure.   

In next step, we take nominal variables as dimensions and numeric variables as facts 

to create a multidimensional STAR schema. We generate schema for every cluster by 

taking its dimensions and facts. The information of groups is helpful in order to define 

dimensional hierarchy. In every cluster, all dimensions have a group level and a value 

level. For example, if we take REGION as a dimensional then it has REGION (all) Level 

' REGION_GROUPS (GROUP) LEVEL ' ‘REGION_NAMES (VALUE) LEVEL.  

For our example, we take the nominal variables as dimensions and nominal variables 

as facts, we generate the multidimensional schema. Fig. 4 shows the schema generated for 

Cluster C1. The schema contains all dimension and fact tables in cluster C1.  

 

Fig. 4. Multidimensional Schema for Cluster C1 

 

In the next step, we used well know Apriori algorithm [8] for generating association 

rules. We applied this algorithm on raw data present in the clusters and also on the sche-

ma generated for each cluster. We now explain the difference of application of Apriori 

algorithm on two types of data. For our first case, we picked the top two dimensions and 

predict the third dimension. For instance, in cluster C1, we picked School Level and Re-

gion as input variables to predict the Certification Count values. In this case, the values in 

each variable were not grouped therefore we get a set of hypothetical rules as depicted in 

Table 1. You can see that individual values are shown for each rule. For instance, Rule 1 

says, if the School Level equals to {Graduation} and the Region is {Asia} then the certi-

fication count is between 1 to 5. It can be seen from Table 1 that all the rules predict the 

certification count. However, these rules generated without schema predict on the basis of 

individual values such as {Graduation} or {Asia} but there is no rules which highlight the 

groups having closely and semantically related values within each variables. This moti-

vated us to mine rules from the multidimensional schema which is our second application 



 

  

of Aprori algorithm. In this case, instead of using the variable having the individual val-

ues, we utilize the variable that contains the grouping values. For instance, we pick the 

SchoolLevel_group, Region_Group as input variables to predict the Certification Count 

value. This grouping information is only present in the multi-dimensional schema struc-

ture and could not be utilized in data present without schema. Table 2 shows the hypo-

thetical rules generated with the schema structure. It can be seen that the importance val-

ue of each rule has been calculate instead of utilizing the traditional support and confi-

dence measure. Importance measure captures the usefulness of the generated rules and is 

defined as in Eq. (1). 

 

     Imp(AB) = log(Probability(B|A)/Probability(B|notA))      (1) 

 

Finally, we compare the rules with rules generated from same cluster using schema. 

These rules define the association between dimensions. For example Rule 1 without 

schema predicts that Certification Count will be "1-5" if School Level=Graduation and 

Regions = Asia. The positive importance value indicates the important relationship be-

tween School Level and Region. On the other hand, Rule 1 using schema predicts same 

Certification Count by giving association among a group of values present in each dimen-

sion, namely G1 and G2. Each group contains a set of diverse values which are semanti-

cally related. Rule 1 with schema predicts the Certification Count to be 1-5 if School 

Level belongs to G1 Group (High School Certificate, Graduation) and Region belongs to 

G1 (Asia). It is clear that the importance value for rules using our proposed approach is 

higher than the rules generated with original data without the schema structure imposed 

on it.  

 

Table 1. Rules generated for Cluster C1 without Multidimensional Schema 

 

Without Multidimensional Schema 

Rules Importance 

If SchoolLevel [Grad] & Region[Asia] C.C. [1-5] 0.67 

If Region[SouthAmerica] C.C. [6-8] 0.58 

If SchoolLevel[Grad]&Region[Europe]C.C.[8-20] 0.54 

If SchoolLevel[Grad] C.C.[6-8] 0.38 

 

 

Table 2. Rules generated for Cluster C1 with our Multidimensional Schema 

 

With Multidimensional Schema 

Rules Importance 

If SchoolLevel[G1]&Region[G1]C.C.[1-5] 1.03 

If Region[G2] C.C. [7] 1.01 

If SchoolLevel[G1]&Region[G3]C.C.[8-20] 0.73 

If Region[G1] C.C. [6-8] 0.72 



 

  

 

In order to measure the diversity criteria for interestingness, we applied Rae, CON, 

Hill measures proposed by Zbidi et al. [20].These measures provide the evidence that the 

diversity of rules generated from our multidimensional schema is higher as compared to 

the diversity generated for rules without schema for same clusters. We rank the rules us-

ing these measures in terms of diversity. Table 3 describes the diversity values without 

multidimensional schema whereas Table 4 presents diversity values for generated rules 

for cluster C1 using the proposed model. It is clear from table 4 that the diversity values 

are better for our multidimensional schema as compared to without schema values.  

 

Table 3. Rules generated for Cluster C1 without multidimensional schema 

 

 
Without Multidimensional Schema 

Rule Set Rae CON Hill 

R1-R2 0.33 0.36 -2.9 

R3-R4 0.20 0.16 -3.9 

 

Table 4. Rules generated for Cluster C1 with our multidimensional schema 

 

 
With Multidimensional Schema (% increase) 

Rule Set Rae CON Hill 

R1-R2 0.64 (48%) 0.67(46%) -0.1(28%) 

R3-R4 0.33 (39%) 0.38(58%) -1.5(87%) 

 
The resultant set of rules is then passed to the visualization component. This com-

ponent enhances the visual capability of the overall analysis. We provide top ranked rules 
with the grouping based on the importance value. A sudden decline in the importance 
value results in creation of a new group of rules. We also provide a dependency network 
against the generated rules which provides an over view of dependency of value of one 
variable on the prediction of value of the other variable. The complete list of item set is 
also provided in the graphic interface. 

The proposed model achieves its objective of mining association rules at multi-level 
of data abstraction. Moreover, the visualization capability adds an advantage to the min-
ing process for analysts by providing a graphical interface to the rules which is easy to 
pick top rules and similar rules based on the groups we create. The dependency network 
presented also helps the analysts to find the variables’ dependency over each other. We 
now present two case studies as application of our model based on two real-world data 
sets available at UCI machine learning repository. 

4. CASE STUDIES ON REAL WORLD DATASETS 

In order to validate and to find the effectiveness of the methodology we proposed, we 

proceeded with the case study approach. We present two case studies using data sets 

namely Automobile and Adult from UCI machine learning repository. 



 

  

4.1 CASE STUDY – AUTOMOBILE DATASET 

We selected automobile data set available at UCI machine learning repository. This da-

taset is a mixture of numeric and nominal variables. The analysts may be interested in 

both types of data depending upon the data set, so this data set stands useful to verify the 

methodology presented in the previous section. The Automobile dataset contains 26 vari-

ables. There are 11 nominal (categorical) variables and 15 numeric variables. This stand-

ard dataset describes the characteristics of an automobile. More details of the dataset are 

available at UCI machine learning website. 

According to the first step, we applied agglomerative hierarchical clustering using 

HCE Explorer available online. We took clusters at different levels and exported their 

data for further usage. In order to rank variables within clusters, we used PCA technique. 

PCA was applied through IBM’s Statistics Analysis tool called SPSS. We ranked varia-

bles within each cluster namely C1, C11 and C12.  

The reason for picking C1, C11, and C12 is the fact that most data is located in C1 
cluster which further divides itself into C11, C12. Since PCA works only on numeric da-
ta, we converted nominal variables to corresponding numeric variables using Rosario’s 
approach [15]. All numeric data was then passed to PCA for ranking purposes. Fig. 5 

shows the ranking of numeric variables in the three clusters after performing the PCA. It 
is evident from Fig. 5 that the same variables have different ranks within the different 
clusters. In other words, every cluster contains a distinctive set of numeric variables on 
top of the list. For example, Curb Weight, Width and Length are top ranked variables in 
cluster C1. 

 

 
 

 

Fig. 5. Ranking of numeric variables using PCA for clusters C1, C11 and C12 

 

However, in the lower data abstraction level, for example, C11, Curb Weight main-

tains its position, but Width and Height don’t maintain their rank. In case of C11, the top 

ranked variables include Price and Horse Power. The situation is more interesting in case 

of C12, where none of the top 3 ranked variables in C1 appear on top and instead go well 



 

  

at the bottom of the list. The variable Curb Weight remained on top in C1 and C11, but 

was positioned 13
th

 in C12. Width was ranked at 2nd position in C1 and it was ranked 4th 

in C11 whereas it went to 11th position in C12. Length variable was ranked at 3rd posi-

tion in C1, and maintained its position in C11 as well, but it was ranked at 9th position in 

C12. We can conclude the cluster C1 is split into two clusters on the basis of Price and 

Horse Power mainly and on Compression Ratio marginally. Fig. 6 shows the ranking of 

nominal variables in the three clusters after performing PCA. 

 
In case of nominal variables, there is also a difference in ranking of variables at dif-

ferent levels. It can be seen from Fig. 6 that top ranked variables, Engine Type, Body 
Style and Engine Location in C1 don’t have same ranks in C11 and C12. The variable 
Engine Type is ranked at first position in C1. But this variable is ranked as 5

th
 in C11. 

Same variable is ranked at 4
th

 position in C12. Body Style was ranked at 2nd position in 
C1, and was found at 6

th
 position in C12. Due to zero variance in C11, Body Style was not 

ranked at all. Engine Location was ranked at position 3 in C1. It was moved to 4th posi-
tion in C11. Due to zero variance in C12, the variable was not ranked. The top ranked 
variable in C11 is Make, and it was ranked at 6

th
 position in C1. The top ranked variable 

Fuel Type in C12 is ranked at 4th position in C1. It can be concluded that C1 cluster is 
split into two clusters on the basis of Make, Fuel Type and Aspiration.  
 

 

Fig. 6. Ranking of nominal variables using PCA for clusters C1, C11 and C12 
 

In the next step of our model, we group unique values of nominal variables. The top 

ranked dimensions of C11 cluster are Engine Type, Engine Style and Engine Location. 

The Engine Type variable values are put into two groups. First group of Engine Type 

variable contains rotor, dohc, ohcv, l and ohc. The second group contains ohcf. It is clear 

from the group information that Engine Type values are naturally grouped together. Sim-

ilarly other dimensions such as Engine Size, Engine Location etc also contain groupings 

which enlighten the semantic relationship present in these variables.  



 

  

In order to assess the benefits of variables ranking at different levels, we applied asso-

ciation rule mining on top ranked variables to generate rules for clusters at different lev-

els. The rules were compared with the set of rules generated by the technique adapted by 

Usman et al. [5]. The rules generated through our process have minimum 0.8 probability 

value and minimum importance value of 0.99. For cluster C11, our technique generates 8 

rules. From the rules produced, we see that the low ranked variables have tendency to 

predict the Make of an automobile. The results show that the eight cylinder automobiles 

are only Mercedes-Benz. Similarly the Number of Cylinders and Aspiration can predict 

other Make when combined together. Table 5 provides the list of rules generated for 

cluster C11 with our technique and Table 6 shows the rules generated with the previous 

similar approach by Usman et. al [5]. 

Our top rule provides an importance of 1.9 as compared to the top rule of the set 

against which we are comparing, which has 0.49 importance value for the same cluster. 

This means that the rules generated by our technique are more important than the other 

technique. Moreover, our technique generated all rules having importance value greater 

than or equal to 0.9. Whereas the other technique generates rules set in which top rule 

has 0.49 importance value. The same can be inferred from the comparison chart of rules 

of both techniques as in Fig. 7. 

Table 5. Rule generated from our proposed methodology. 

Rules Importance 

1.No.of Cylinders Group=Group1,Aspiration Group=Group-OthersMake = mercedes-benz 1.90 

2. No. of Cylinders Group = Group 1  Make = mercedes-benz 1.90 

3. Aspiration Group = Group 1  Make = audi 1.64 

4. No. of Cylinders Group = Group 1, Aspiration Group = Group-Others  Make =audi 1.31 

5. No. of Cylinders Group = Group 1, Aspiration Group = Group-Others  Make =audi 1.17 

6. No. of Cylinders Group = Group 1  Make = mazda 1.14 

7. No. of Cylinders Group =Group 1, Aspiration Group = Group-Others Make = mazda 1.14 

8. No. of Cylinders Group =Group-Others, Aspiration Group =Group-OthersMake = nissan 0.99 

 

Table 6. Rules generated from the methodology proposed by Usman et. al [5] 

Rules Importance 

1. Body Style = hatchback, Drive Wheels = rwd  Doors = two 0.49 

2. Body Style = convertible   Doors = two 0.36 

3. Body Style = convertible, Drive Wheels = rwd  Doors = two 0.36 

4. Body Style = hardtop, Drive Wheels = rwd  Doors = two 0.36 

5. Body Style = hardtop   Doors = two 0.36 

6. Body Style = wagon  Doors = four 0.26 

7. Drive Wheels = 4wd, Body Style = hatchback  Doors = two 0.22 

8. Body Style = wagon, Drive Wheels = fwd  Doors = four 0.21 

9. Body Style = wagon, Drive Wheels = rwd  Doors = four 0.18 

10. Drive Wheels = 4wd, Body Style = wagon  Doors = four 0.16 



 

  

 
It is evident from Fig. 7, that our technique generates more important rules than the 

technique provided by Usman et al. in [5]. The most important rule generated from the 
technique in [5] has a value 0.49 whereas the lowest important rule in our approach has a 
greater value of 0.99. It clear indicates that our approach out performs the other tech-
nique. 

The generated rules are visualized using a graphical interface in order to assist the 
analysts in the mining process. It provides efficient view of rules where analysts can pick 
most important rules. Moreover, it groups the rules based on a sudden drop in the im-
portance value. For example rule 2 in C1 has a value 1.13 and the immediate rule after it 
has a value of 0.49. Analysts may be interested in finding out the certain points where 
such decline occurs. Our interface groups the rules in certain ranges of importance values. 

Fig. 7. Comparison chart of rules importance generated from our approach and Usman et al. 

[5] approach for cluster C11 
 

In Fig. 8, the C1 rule set has been visualized. It groups the rules having certain range 

of importance values. The length of arrow determines the importance of particular rule. 

The actual rule is presented inside the arrow for a quick review of the analysts. We also 

present a graphical dependency network of different variables with each other based on 

the item set values. The item set tab presents the records of frequent items used for rule 

generation process. 

 

 

 
 

 
 

 

 

 

 

 

Fig. 8. Visualization of top 5 rules of cluster C1 



 

  

4.2. CASE STUDY – ADULT DATASET 

In our second case study, we selected Adult data set from UCI Machine Learning web-

site [1]. The data set has a mixture of numerical and nominal type of variables (13 in to-

tal). The whole data set contains 48,842 records. Eight variables of the dataset are nomi-

nal and rest five variables are numeric. Since the available data set contains missing val-

ues, we removed records with missing values and used 61% of the total records (30,162) 

for our case study.   

We applied hierarchical clustering as in case of our first case study as the first step. 

In order to find the cut-off point, we calculated the inconsistency coefficient from the 

dendrogram. Since the value was 0.623, we cut the dendrogram at this particular value 

and considered it to be the last data abstraction level. 

We took clusters at different levels and exported their data for further usage. In 

order to get the ranking of variables, we apply PCA Analysis. Since our data contains two 

different types of variables, we apply the conversion mechanism and convert nominal 

data to equivalent numerical data using same technique as described in the first case study. 

As a result, all data is scaled between 0 and 1 and is taken to the next step for PCA Anal-

ysis. Each cluster ranking is calculated separately using SPSS. Ranking of each cluster is 

shown in Fig. 10 and 11.  

 It is evident from the Fig. 10 and Fig. 11 that the list of nominal variables is unique 

across the clusters however the numerical variables list is not unique. The C1 and C11 

clusters have the same number of variables, whereas C12 cluster has some variables 

which have zero variance and these are not used in the ranking process by SPSS. In next 

step, we apply scaling and group values in all nominal. The Fig. 9 provides a view of 

Occupation variables groups in cluster C11. The values Craft-Repair, Transport-Moving, 

and Handler-Cleaners show closeness with each other and therefore grouped together in a 

single group. The Group-Others is obtained by including all other values with no similar-

ities with each other. Such grouping is hard to obtain in case of manual work. All nominal 

variable groups are obtained and input in a separate work sheet.  

It is clear from the group information that occupation values are naturally grouped 

together. For example, the persons having Craft-Repair, Transport-Moving and Han-

dler-Cleaner occupation values are generated tend to be closely related due to their be-

havior and there for these are grouped together. Similarly other dimensions such as Work 

Class, Relationship and Marital Status etc also contain groupings which enlighten the 

semantic relationship present in these variables. 

We create multidimensional schema using top ranked variables. An example of multi-

dimensional schema is given in Fig. 9 which displays the schema for cluster C11.  

At this point, our data is available for rule mining process on both original clusters da-

ta as well as the respective multidimensional schema of the cluster. We perform associa-

tion rule mining for cluster C11 using the schema generated through our method and 

show the results in Table 7. We show the rules generated from the approach in [5] in the 

Table 8. It is clear that our approach provides better importance. It is evident that our 

approach provides more important rules than the approach in [5]. Top ranked rule in pre-

vious approach has importance value 0.57 whereas our approach provides top ranked rule 

with important value of 0.95.  

 

 



 

  

 

Fig.9. Multidimensional Schema generated for cluster C11 

 

 
Fig.10. Ranking of Numeric Variables using PCA for clusters C1, C11 and C12 

 
Fig.11. Ranking of Nominal Variables using PCA for clusters C1, C11 and C12 



 

  

Table 7. Rule generated from our proposed methodology 

 

Rule Imp 

1. Occupation Group =Group3, Sex Group=Group-OthersWork Class = Local-gov 0.95 

2. Occupation Group = Group 3  Work Class = Local-gov 0.95 

3. Occupation Group =Group3, Sex Group =Group-Others Work Class = Local-gov 0.83 

4. Occupation Group =Group-Others, Sex Group=Group-OthersWork Class = Private 0.11 

5. Occupation Group = Group-Others  Work Class =Private 0.11 

6. Occupation Group = Group 3  Work Class =Private 0.11 

7. Occupation Group =Group 3,Sex Group =Group-Others Work Class =Private 0.11 

8. Occupation Group =Group 3,Sex Group =Group-Others Work Class =Private 0.10 

9. Occupation Group = Group-Others  Work Class =Private 0.09 

10. Occupation Group =Group-Others, Sex Group =Group-Others Work Class =Private 0.09 

 

Table 8. Rules generated from the methodology proposed by Usman et. al [5] 

 

The diversity values are greater for schema rules in all cases. The results are shown in 

Table 9. We present the results of [5] in Table 10. We calculate the percentage increase 

in for without schema and with schema diversity for all measures. We calculate the in-

crease for all clusters and for all measures and present the comparison of our approach 

and approach in [5] in Fig. 12, Fig. 13 and Fig. 14. Fig. 12 presents the comparison of 

diversity increase (%) for Rae measure.  

It is evident that the increase in diversity between non-schema and schema rule sets is 

very prominent than the approach adapted by [5]. Similarly our approach yields better 

increase for other measures (CON, Hill) as depicted in Fig. 13 and Fig.14. 

 

 

Rule Imp 

1. Education Group=Group 3,Occupation Group=Group 2 Relationship = Own-child 0.57 

2. Education Group=Group 3, Occupation Group =Group 2  Relationship= Own-child 0.57 

3. Education Group =Group 3, Occupation Group = Group 3 Relationship = Own-child 0.51 

4. Education Group =Group 3, Occupation Group =Group 1  Relationship = Own-child 0.42 

5. Education Group =Group 3, Occupation Group =Group 4  Relationship = Own-child 0.40 

6. Education Group= Group 3  Relationship = Own-child 0.39 

7. Education Group =Group 3, Occupation Group =Group 3  Relationship = Own-child 0.38 

8. Education Group =Group 3, Occupation Group =Group 3  Relationship = Own-child 0.37 

9.Education Group = Group 3,Occupation Group = Group_OthersRelationship = Own-child 0.36 

10. Education Group=Group 2, Occupation Group = Group1Relationship = Husband 0.32 



 

  

Table 9. Comparison of diversity measures using our model with and without schema 

 

 

Table 10. Comparison of diversity measures using Usman et al. with and without schema 

 

Clusters  Rule Set 
No schema 

Rae 

With Schema 

Rae 

No Schema 

CON 

With Schema 

CON 

NO Schema 

Hill 

With Schema 

Hill 

C1 R1-R6 0.322 0.337 0.432 0.452 -1.693 -1.636 

 
R1-R7 0.259 0.295 0.369 0.421 -2.302 -1.948 

 
R1-R8 0.218 0.277 0.327 0.418 -2.873 -2.095 

 
R1-R9 0.204 0.27 0.325 0.423 -3.084 -2.159 

 
R1-R10 0.192 0.264 0.321 0.427 -3.285 -2.216 

C11 R1-R6 0.322 0.397 0.432 0.526 -1.693 -1.286 

 
R1-R7 0.256 0.376 0.365 0.522 -2.346 -1.385 

 
R1-R8 0.216 0.312 0.324 0.463 -2.918 -1.805 

 R1-R9 0.204 0.309 0.325 0.472 -3.084 -1.829 

 R1-R10 0.192 0.303 0.321 0.475 -3.285 -1.872 

C12 R1-R6 0.164 0.263 0.263 0.371 -3.017 -2.248 

 R1-R7 0.217 0.312 0.353 0.454 -2.437 -1.703 

 R1-R8 0.172 0.297 0.294 0.454 -3.339 -1.8 

 R1-R9 0.142 0.279 0.252 0.441 -4.261 -2.11 

 R1-R10 0.136 0.276 0.448 0.443 -4.755 -2.141 

Clusters  Rule Set 
No schema 

Rae 

With Schema 

Rae 

No Schema 

CON 

With Schema 

CON 

NO Schema 

Hill 

With Schema 

Hill 

C1 R1-R6 0.178 0.338 0.115 0.453 -4.484 -1.636 

 
R1-R7 0.157 0.295 0.127 0.422 -5.157 -1.949 

 
R1-R8 0.140 0.278 0.131 0.418 -5.840 -2.096 

 
R1-R9 0.123 0.271 0.115 0.424 -6.831 -2.159 

 
R1-R10 0.110 0.264 0.103 0.427 -7.785 -2.217 

C11 R1-R6 0.178 0.366 0.115 0.489 -4.488 -1.325 

 
R1-R7 0.157 0.279 0.127 0.399 -5.159 -2.032 

 
R1-R8 0.140 0.218 0.131 0.326 -5.833 -3.013 

 R1-R9 0.130 0.213 0.146 0.338 -6.286 -3.093 

 R1-R10 0.120 0.208 0.148 0.346 -6.861 -3.167 

C12 R1-R6 0.260 0.362 0.384 0.487 -2.201 -1.578 

 R1-R7 0.211 0.335 0.324 0.476 -3.042 -1.738 

 R1-R8 0.191 0.330 0.315 0.487 -3.377 -1.767 

 R1-R9 0.173 0.303 0.305 0.468 -3.721 -1.961 

 R1-R10 0.158 0.301 0.294 0.476 -4.072 -1.976 



 

  

 

Fig.12. Comparison of % Increase in Diversity (Rae) of our approach with [5] 

 

 

Fig.13. Comparison of % Increase in Diversity (CON) of our approach with [5] 

 

 

Fig.14. Comparison of % Increase in Diversity (Hill) of our approach with [5] 



 

  

Fig. 15 shows the visualization display of generated rules. It groups the rules having cer-

tain range of importance values. The length of arrow determines the importance of partic-

ular rule. The actual rule is presented inside the arrow for a quick review of the analysts. 

We also present a graphical dependency network of different variables with each other 

based on the item set values. The item set tab presents the records of frequent items used 

for rule generation process. 

 

 

Fig. 15. Visualization of top 5 rules of cluster C1 

5. CONCLUSION 

In this paper, we presented a methodology to mine multi-level association rules using 

multidimensional schema. We applied hierarchical clustering at different levels of data 

abstraction in the data and used statistical techniques to draw a subset of variables con-

taining more informative data. We generated multidimensional schema using the top 

ranked variables in the data and use this schema to generate association rules. We applied 

advanced diversity criteria to measure the interestingness of extracted rules. Experimental 

results showed that our proposed approach produced more informative and diverse rules 

as compared to the similar approach presented in the past. We also presented an ad-

vanced graphical interface to visualize the association rules.  

REFERENCES 

1. Han, J., M. Kamber, and J. Chiang, Mining Multi-Dimensional Association Rules Us-

ing Data Cubes, 1997, Technical report, Database Systems Research Laboratory, 

School of Science, Simon Fraser University.  
 
2. Ka Ka Ng, E., A. Wai-Chee Fu, and K. Wang. Mining association rules from stars. In 

Proceedings of IEEE International Conference on Data Mining IEED-ICDM, pp 

322-329. 2002.   
3. Chung, S.M. and M. Mangamuri, Mining association rules from the star schema on a 



 

  

parallel NCR teradata database system, in International Conference on Information 

Technology: Coding and Computing (ITCC'05)2005: Nevada  

4. Usman, M., R. Pears, and S. Fong, Multi Level Mining of Warehouse Schema, Com-

munications in Computer and Information Science, 2011, Springer Berlin Heidel-

berg. p. 395-408.  

5. Usman, M., R. Pears, and A.C.M. Fong, Discovering diverse association rules from 

multidimensional schema. Expert Systems with Applications, 2013. 40(15): p. 

5975-5996.  

6. Han, J. and M. Kamber, Data mining: concepts and techniques2006: Morgan Kauf-

mann.  

7. Kamber, M., J. Han, and J.Y. Chiang. Metarule-guided mining of multi-dimensional 

association rules using data cubes. in KDD'97. 1997.  

8. Zhu, H., On-line analytical mining of association rules, in Department of Computer 

Science1998, Simon Fraser University.  

9. Bogdanova, G. and T. Georgieva. Discovering the association rules in OLAP data 

cube with daily downloads of folklore materials. in Proceedings of the International 

Conference on Computer Systems and Technologies. Varna, pages IIIB.  

10. Tjioe, H.C. and D. Taniar, Mining association rules in data warehouses. Internation-

al Journal of Data Warehousing and Mining, 2005. 1(3): p. 28-62.  

11. Messaoud, R.B., et al. Enhanced mining of association rules from data cubes. in 

DOLAP '06 Proceedings of the 9th ACM international workshop on Data ware-

housing and OLAP 2006. New York: ACM.  

12. Messaoud, R.B., et al., OLEMAR: an On-Line Environment for Mining Association 

Rules in Multidimensional Data. Advances in Data Warehousing and Mining, IGI 

Global, 2007. 2.  

13. Psaila, G. and P.L. Lanzi. Hierarchy-based mining of association rules in data ware-

houses. in Proceedings of the 2000 ACM symposium on Applied computing-Volume 

1. 2000. ACM.  

14. Nestorov, S. and N. Jukic. Ad-hoc association-rule mining within the data warehouse. 

in System Sciences, 2003. Proceedings of the 36th Annual Hawaii International 

Conference on 2003. IL: IEEE.  

15. Rosario, G.E., et al., Mapping nominal values to numbers for effective visualization. 

Information Visualization, 2004. 3(2): p. 80-95.  

16. Wei, Huang. Study on a data warehouse mining oriented fuzzy association rule min-

ing algorithm. Intelligent Systems Design and Engineering Applications (ISDEA), 

2014 Fifth International Conference on. IEEE, 2014. 

17. Wang, Yingjie, et al. Improved multi-level association rule in mining algorithm 

based on a multidimensional data cube. 3rd International Conference on Consumer 

Electronics, Communications and Networks (CECNet). IEEE, 2013. 

18. Silva, Andreia, and Cláudia Antunes. Multi-relational pattern mining over data 

streams. Data Mining and Knowledge Discovery, 2014: p. 1-32. 

19. Ma, Zhiyong, Qingying Qiu, and Peien Feng. CPM Algorithm for Mining Associa-

tion Rules from Databases of Engineering Design Instances. Journal of Information 

Science and Engineering, 2014. 30(2): p. 463-481. 

20. Zbidi N, Faiz S, Limam M, On mining summaries by objective measures of interest-

ingness. Machine learning 2006. 62:p. 175-198.  



 

  

21. Patel, Alisha S., and Mohit Patel. Effective and Innovative Approaches for Compar-

ing Different Multilevel Association Rule Mining for Feature Extraction: A Re-

view. International Journal of Computer Applications, 2015. 109(8). 

 

Muhammad Usman has completed PhD in Computer & Infor-

mation Sciences from Auckland University of Technology, 

New Zealand. His research interests include Data Mining, 

Data Warehousing, OLAP, Business Intelligence and 

Knowledge discovery. He is currently researching in the 

novel methods and techniques for the seamless integration of 

Data Mining and Data Warehousing technologies. He has 

published in international journals and conference proceed-

ings, and he has served as reviewer for a number of premier 

journals and conferences. 

 

 

M. Usman is doing Master’s Degree in Computer Science from 

Shaheed Zulfikar Ali Bhutto Institute of Science and Tech-

nology, Islamabad, Pakistan. His research interests include 

Data Mining, Data Warehousing and Knowledge discovery. 

He has recently worked in application of Data Mining tech-

niques in data warehouses for Knowledge Discovery without 

the requirement of domain knowledge. He has published his 

work in at international conferences.  

 

 

 

 

 


