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Abstract - Efficient computation of aggregations plays important part in Data Warehouse systems. Multidimensional data 
analysis applications are looking for variations or unusual patterns. They aggregate data across many dimensions. For 
aggregation, the SQL aggregate functions and the GROUP BY operator are used. But Data analysis applications need the N-
dimensional generalization of these operators. Data Cube is introduced which is a way of structuring data in N-dimensions so 
as to perform analysis over some measure of interest. Data cube computation is a key task in data warehouse. There are 
several methods, techniques for cube computation. But these techniques have limitation so new MapReduce based approach 
is used. Using Data Partition and Batch formation techniques, data and computation workload is effectively distributed using 
MapReduce framework. Extreme data skew is detected. MapReduce based algorithm is used for computing cube in parallel 
using partially algebraic measures and will get final Measures by Cube groups aggregations. Interesting cube groups are 
identified. Performance of proposed approach is evaluated. 
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I. INTRODUCTION 
 
A data warehouse is a relational database that is 
designed for query and analysis. A few components 
recognize data warehouse from operational databases. 
Since the two frameworks gives very distinctive 
functionalities and require various types of 
information, it is important to keep up data 
warehouse independently from operational database. 
In Data Warehouse frameworks effective processing 
of aggregations assumes a key part. 
 
Online analytical processing, or OLAP, is a method 
for solving multi-dimensional analytical (MDA) 
queries. OLAP or multidimensional data analysis 
applications can aggregate across many sets of 
dimensions at a time normally searching for irregular 
and uncommon patterns. Computations of 
multidimensional aggregates can degrade the 
performance of these applications. The GROUPBY 
operator in SQL is typically used to compute 
aggregates on a set of attributes. The SQL aggregate 
functions and the GROUP BY operator produce zero-
dimensional or single dimensional aggregates. Such 
applications require the N-dimensional generalization 
of these operators. In OLAP, Data cube is used that 
provides a way of modeling data in N-dimensions so 
that analysis can be done on interested measures.  A 
data cube is the one that aggregates the measures by 
the levels and hierarchies of each of the dimensions 
that are needed to be analyzed. A measure is a 
property on which calculations can be made. A 
measure can be algebraic for e.g., SUM, AVG or it 
can be non-algebraic for e.g., DISTINCT, TOP-K. 
The data cube is used for advantageously supporting 
multiple aggregates in OLAP databases. It requires 
assessing of group-bys on all possible combinations 
of a list of attributes. It is comparable to the merger of 
various standard group-by operations. 

 
OLAP consists of following analytical operations: 
roll-up, drill-down, and slicing and dicing. Roll-up 
consists of the aggregation of data that can be 
collected and computed in one or many dimensions 
whereas the drill-down is a method that helps the 
users to navigate through the details. Slicing and 
dicing is a feature whereby users can take out 
(slicing) a specific set of data of the OLAP cube and 
view (dicing) the slices from different viewpoints. 
Concurrent computation of aggregates helps sharing 
the cost of partitioning and aggregation among 
different group-bys. 
 
II. DIFFERENT TECHNIQUES FOR CUBE 
COMPUTATION  
 
Grey [2] put forward the data cube as the N-
dimensional generalization of simple aggregate 
functions. It takes tremendous amount of space and 
time for thorough materialization of the data cube 
with high dimensionality, this lead to the introduction 
of various methods for increasing the efficiency of 
cube computation. [1]General cube computation 
methods based on sorting and hashing used for 
computing multiple group-bys are expanded by 
integrating various optimizations methods. [6]Multi 
way array aggregation is an array based algorithm 
which uses “bottom-up” approach. Here, in this 
method, the array is partitioned into chunks and the 
compute takes place in an “multi-way” fashion. Here, 
the cube cells are visited in such a way that the 
number of times to visit every cell gets reduced. 
Hence it reduces the costs of memory access and 
storage. [5]Bottom-Up Computation (BUC) 
algorithm uses a bottom-up approach. Dimensions are 
divided into partitions and smoothes the iceberg 
pruning. This is the opposite of all previous 
techniques proposed for cube computing. In BUC, the 
larger group-by’s are not computed if they do not 
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satisfy the minimum support condition. This gives the 
BUC a major advantage. [10]H-Cubing makes use of 
a hyper-tree (H-tree) in order to simplify cube 
computation. Each level in the tree has a Header 
Table which is used in order to record the count of 
every discrete value in every dimension not beneath 
the current one.[8]Star cubing combines bottom-up 
and top-down cube computation approaches. In star 
cubing approach, cube computation can be done 
using a star tree structure. Star cubing prunes the 
group by’s that don’t satisfy the iceberg condition.  
Star cubing surpasses all other previous cubing 
algorithms in almost all kinds of data distributions.  A 
new algorithm called as MapReduce[12] has been 
proposed in order to efficiently perform cube 
computation. In this approach, a framework based on 
MapReduce effectively distributes both data and 
computation workload. It uses a cube computation 
algorithm known as MRCube that utilizes techniques 
to successfully materialize cube of billion-tuple sized 
data sets. It identifies cube groups which user finds 
interesting. 

III. LIMITATIONS OF EXISTING 
TECHNIQUES 
 
The existing techniques having three main 
limitations, given as below: 

1. They are made for a single machine or 
clusters containing small number of nodes 
[12]. At many companies where data storage 
is massive, it is burdensome to process data 
with a single or a few machine (s). 

2. Most of the techniques uses the algebraic 
measure [2]. Groups with a large number of 
tuples are not processed by using algebraic 
measure. This enables parallelized 
aggregation of data subsets then results are 
post processed to get the final result. Many 
significant analyses over logs, require 
computing holistic (i.e., non algebraic) 
measures. Holistic measures pose significant 
challenges for distribution.  

3. Present techniques disappoint to detect and 
elude extreme data skew problem.  

Extension of cube analysis usage can be avoided by 
these limitations. There is need of technique to 
compute cube efficiently in parallel and identification 
of interesting cube groups on important subset of 
holistic measures over massive data sets. [10]Hadoop 
based Mapreduce environment handles large amount 
of data in clusters with thousands of machines. So 
Mapreduce based technique which supports holistic 
measures is best option for data analysis.  
 
IV. PRELIMINARIES 
 
We define basic terms used in this paper, most of 
them are original notions defined in [12] for Data 
Cube and 

MapReduce. For dataset, we are using web search 
query log in the form of “id, time, userid, ip, address, 
query”. The raw dataset kept as set of tuples. User 
defined mapping function is used for mapping of 
some raw attributes to a fixed number of derived 
attributes. 

 Dimension attributes & cube lattice- User 
needs to analyze set of attributes. That 
attributes referred as dimension attributes. 
All possible grouping(s) of dimension 
attributes, used as to represent a cube lattice. 

 Cube group & cube region- Each node in 
the lattice gives one possible grouping 
(aggregation). It is known as Cube region 
and actual group related to the cube region is 
defined as Cube group. 

 Measures - Measure is of two types 
algebraic and non algebraic. In algebraic, 
measure of a super group can be simply 
calculated from its subgroups. Examples are 
SUM, AVG and STD DEV. In non algebraic 
measures, measure of a group can be just 
calculated directly from the group itself. 
Examples are distinct number of users, the 
top-k. 

 MapReduce- In parallel execution 
framework, Mapreduce  is becoming more 
popular. Mapreduce is introduced in 2004 by 
Google Corporation. Mapreduce was 
designed to mange massive data volumes 
and large clusters (thousands of servers). 
Hadoop  is an open-source implementation 
of mapreduce. All the users have to write 
two functions: Map and Reduce. In the Map 
phase, input data is distributed over the 
mapper machines. Then each machine 
processes a part of the data in parallel. For 
each data record one or more _ key; value_ 
pairs are produced. Those <key, value> pairs 
are shuffled in Shuffle phase such that 
values under the same key are collected 
together into values {v1; v2; :::}. Finally, in 
the Reduce phase, each reducer machine 
processes a part of the <key, v1; v2; :::> 
pairs in parallel. Then outputs the final 
results to the distributed file system. User 
writes map and reduce tasks. 
 

V. MAPREDUCE BASED APPROACH 
 
MapReduce based cube computation system 
architecture is given in below figure 1. It consists of 
following phases: 
 

1. Data Collection 

2. Lattice Creation 

3. Cube Materialization 

4. Cube Mining 
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5.1 Data Collection 
Here the data required is nothing but a suitable Web 
Search Query Logs. We searched query logs in the 
format “id, time, userid, ipaddress, query”. This query 
logs text file is then converted into tabular format. 
This conversion is done using the programming 
technique. 
 
5.2 Lattice Creation 
Formation of the cube lattice requires mainly three 
things to be done i.e., Identifying partial algebraic 
measure, Value partitioning and Batch area 
formation.  
 

 
Fig.1.Cube computation system architecture 

 
1. Identify partially algebraic measures 
In this, work is to identify a subset of holistic 
measures that are easy to compute in parallel than an 
arbitrary holistic measure. Consider Count of distinct 
no of users, which is a holistic measure that is 
partially algebraic on attribute uid, and the large 
group, which contains all searches initiated within 
group. To detect if a holistic measure M is partially 
algebraic, can adopt the ‘Detection Principle’ [12] is 
used to detect whether a measure M which is holistic 
is partially algebraic or not. 
 
2. Value Partitioning 
It is technique used for data distribution. Using 
algebraic attribute, data partitioning performs 
partitioning of large groups. Partition factor is needed 
to partition a group. Cube groups are classified into 
Reducer Friendly and unfriendly groups. Reducer 
unfriendly groups can be present exit in few groups 
of cube regions exit at bottom of lattice. In cube 
lattice, regions having numerous groups contain 
mostly reducer-friendly group. Below algorithm 
shows the value partitioning technique. 
 
3. Batch Area Formation 
For effective distribution of computation workload, 
we prepare batches of regions. Hadoop supports batch 
processing which gives faster results. We are doing 
materialization of batches rather processing each 

single region. It reduces the amount of intermediate 
data. The output of the value partitioning i.e., the list 
of reducer friendly and unfriendly regions, is 
provided as input to the batch area formation 
algorithm.  

 
Table 1.Algorithm: Value Partitioning 

 
 

Table 2. Algorithm: Data Cube Materialization 

 
 

5.3 Cube Materialization 
 
Computing measures for all cube groups that fulfils 
the pruning conditions is nothing but cube 
materialization. When doing cube computation on 
Mapreduce environment we have three phases. First 
Map phase, it outputs key:value pairs for each batch 
area, for each tuple in dataset. In shuffle phase, values 
are sorted by key. The cube aggregates are generated 
in reduce phase. The groups which are partitioned 
need to be merged during post processing. The final 
result is produced for that group. Above algorithm 
depicts the process of data cube materialization. Here, 
reach measure also known as count is used. 
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5.4 Cube Mining 
As user is interested in particular cube groups in 
dataset, searching that interesting pattern is necessary. 
For that purpose cube materialization is needed to be 
completed. Finding interested patterns in a huge data 
will be hectic, but computation of cube saves efforts. 
Following algorithm depicts the mining process. 

 
Table 3. Algorithm: Data Cube Mining 

 
 
VI. RESULT 
 
6.1 Cube Mining Result 
We have used raw dataset of Web Search query logs 
in the form “id, time, userid, ip, query”. For detail 
analysis, it is necessary to locate raw attributes into 
fixed number of derived attributes. We used tables for 
mapping. For example, query can be mapped to topic, 
category, subcategory and ip can be mapped into 
country, state, city. After applying value partitioning 
and Batch formation algorithm on dataset, get output 
as Batches. Materialization is done on batches by 
applying materialization algorithm. Reach measure is 
used for aggregation. Cube which is formed after 
materialization is taken as input to mining algorithm. 
Mining is done on both materialized as well as on 
non-materialized data. 
 

Table 4. Mining Time with Varying Data Size 

 

 
Fig.2.Execution time for Mining 

 
6.2 Execution time 
Above results show that, the time required to mine on 
materialized data is less. Whereas time required to 
mine on non-materialized data is much more. Also, as 
the data size increases, the ratio of the mining time 
also increases. In order to find the interested patterns, 
if the mining is done on the non-materialized data 
then, it becomes a very tedious job. On the other 
hand, if the mining is done on the materialized cube, 
the mining is done on the aggregated data, which in 
turn results in easy detection of interested patterns. 
Hence, the materialization plays an important role in 
cube computation.  
 
CONCLUSION 
 
Efficient Cube computation is important problem in 
data cube technology. So many techniques are used 
for computing cube like Multiway array aggregation, 
BUC, H Cubing, Star Cubing, and parallel 
algorithms. These techniques have few limitations. 
Proposed approach effectively distributes data and 
computation workload. Using key subset of holistic 
measures cube is computed in parallel and interesting 
cube groups are identified over Mapreduce. Results 
shows that Time required for mining in case of non-
materialized data is more than the materialized data. 
Also, as the data size increases, the ratio of the 
mining time also increases. Hence, the materialization 
plays an important role in cube computation.  
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