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Abstract 

OLAP (online analytic processing) systems provide valuable insights into organizations; thus, it 

becomes necessary to integrate legacy OLAP systems into scalable and distributable 

architectures. This project comprises two important tasks: the first is transferring OLAP cubes to 

share nothing architectures. The second task is integrating OLAP information with other OLAP 

systems over distributable and scalable architectures. The main problem is to convert conceptual 

model OLAP data sources to shared nothing architectures. An additional problem is query 

execution time on the shared nothing architectures because by default, complete data locality is 

not considered in these environments. 

In this paper, Arvand is proposed. This method can transfer multidimensional data sources into 

shared nothing architectures. Data are captured from multidimensional data sources and 

converted into a unified format. Through unification, multidimensional data sources can be 

easily distributed over homogeneous and heterogeneous nodes because the nodes will not need 

additional information from other nodes. As an added benefit, MapReduce methods can be used 

properly and with maximum performance for query retrieval.  Arvand is implemented by adding 

some components to Hadoop. In this paper, architectures with different heterogeneous and 

homogenous nodes are proposed and evaluated using a TPC-DS benchmark. 
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1-Introduction 
The pace of information generation has accelerated, and a large volume of 

information is produced by a wide range of channels. Scientific instruments, 

sensors, social networks, and smartphones are some examples of big data. 

Information is generated rapidly and requires storage; therefore, the old methods 

for storing data must evolve. Just storing information is not the ultimate solution: 

prompt access to data and data analysis are important concerns. To solve data 

storing bottlenecks, distributed architecture is used, and this changes the software 

development model. One of the most prevalent methods is MapReduce, which 

helps divide big problems into smaller ones. 

Another important issue is legacy systems; these contain information that is 

important and vital, but they are generally not compatible with new distributed 

structures. One type of legacy system is OLAP (online analytic processing) 

systems. These systems contain valuable information about different aspects of an 

organization but are not scalable and cannot be merged with other OLAP systems 

due to structural problems. Therefore, it is necessary to use a method to extract 

multidimensional system data that can be used in an analytic big data system. As 

mentioned in [1], one of the most important future trends for big data is merging it 

with existing multidimensional data.  

The main problem with transferring multidimensional data sources to shared 

nothing structures is determining how to convert conceptual models of a 

multidimensional data source to NOSQL or a structure that is comprehensible for 

those systems run on shared nothing structures such as Hadoop. Another problem 

is that there are different types of multidimensional data sources depending on the 

value combinations that they store. There are various types of OLAP systems. For 

example, there is multidimensional OLAP or MOLAP. In this structure, all 

combinations of measures and dimensions are computed and stored. In contrast, 



there are some OLAP models where calculation is performed at run time rather 

than all combinations of dimensions and measures being calculated and stored. 

These groups of OLAP are called relational OLAP or ROLAP. There are various 

other OLAP model types such as hybrid OLAP or HOLAP. MOLAP executes 

queries faster but needs more space to store cubes, and the cube making process is 

more time consuming than it is for ROLAP. When investigating OLAP data source 

transformation, the OLAP model is one of the most important issues. 

In this paper, Arvand is proposed. This method converts existing multidimensional 

data sources in legacy systems to uniform structures that can be deployed over 

scalable and distributable structures. In addition to being converted to scalable 

architecture, existing multidimensional data can be merged with big data and other 

OLAP and OLTP systems. One of the main advantages of the proposed method is 

that it offers structure unification for all types of OLAPs. This unified structure 

helps the architecture to easily distribute data on several nodes with various 

architectures. There are two types of transformation. The first is the transformation 

of a single multidimensional system to scalable structures. The second is the 

transformation of multiple multidimensional data systems with different structures 

and platforms to scalable structures. 

In this paper, works relating to the proposed method are investigated in section 2; 

then in section 3, the proposed method and its various architectures are presented. 

In section 4, deployment is discussed, and in section 5, the method is evaluated. 

The final part, section 6, offers the conclusion. 

 

2-Related works 
This section investigates works relating to the proposed method. This section 

consists of two parts. First, related works that address the transfer of 

multidimensional data sources to shared nothing architectures are reviewed; 



second, methods to solve problems in shared nothing architectures that are based 

on MapReduce, such as Hadoop, are explained. All studies to date cover only the 

transfer of a multidimensional data source to shared nothing architectures and 

neglect data retrieval time in the destination architectures. Hence, share nothing 

architectures have problems, such as not meeting data locality in each node. Not 

meeting data locality occurs when a node does not have complete data to finish its 

process. This problem causes data dependency on the other nodes to create results. 

To be accessible from other nodes, data must be transferred over the network. 

Using the network to transfer data causes network congestion. One of the most 

important methods used over shared nothing structures is MapReduce. Hadoop is 

based on MapReduce, and many open source products such as Hive, HBase and 

Spark-SQL work on Hadoop or directly use MapReduce. Therefore, problems with 

MapReduce are transferred with these products when they are used. 

2-1-Transferring data from a multidimensional data source to NOSQL 

There are two types of methods investigated in this section. The first type is 

methods that transfer logical models to NOSQL architectures, and the second type 

is methods that transfer conceptual models to NOSQL architectures. 

The first group transfers relational data models to NOSQL. Some of these methods 

convert relational data models to HBase [3, 4]. Other methods convert relational 

data models to MongoDB [2, 5]. These methods try to convert a multidimensional 

data source to relational data models and support only star-schema models. A star-

schema model is a model with one fact and many dimensions. If there is a 

hierarchy in dimensions, the model is called a snowflake, and if there is more than 

one fact, the model is called a constellation. The second group includes methods 

that transfer conceptual data models to NOSQL. In these methods, 

multidimensional data sources are transferred to NOSQL with some rules. In [6], 

multidimensional data sources are transferred to a document based on NOSQL, 



and in [7], multidimensional data sources are transferred to a column-based 

NOSQL. In these methods, the multidimensional data source models are star-

schema models. In [8], three types of transformation are covered. In the first 

method, dimensions and measures are directly transferred to NOSQL (one table for 

each fact and dimension). In the second method, one table is transferred. Facts and 

dimension information are merged in that table. The last method is similar to the 

second method but with one difference: it uses a column family instead of a simple 

attribute. In [9], a rule-based method is used to convert a multidimensional data 

source to Hive. This method creates a Hive table based on each combination of 

dimensions and measures in addition to the star-schema model that supports a 

constellation model. In [19], three physical data warehouse designs were 

investigated to analyse the impact of attribute distribution among column-families 

in HBase based on OLAP query performance. The authors conclude that OLAP 

query performance in HBase can be improved by using a distinct set of attribute 

distributions among column-families. In [20], a method is proposed that transfers 

legacy data warehouses to Hive. In [21], data from legacy data warehouses are 

transferred to Hive by a rule-based method. NoAM [22] is an abstract model for 

NoSQl databases that extracts commonalities of various NoSQL systems. 
 
2-2- MapReduce optimizations 
In this section, MapReduce problems related to multidimensional data sources are 

investigated. As mentioned above, Hadoop is based on the MapReduce method. 

Further, many open source products are either based on Hadoop or implement 

MapReduce directly. According to [10], MapReduce has nine main problems. 

Some of the problems that are related to our discussion are a high communication 

cost and a lack of support for join operations. Methods have been proposed to 

improve these problems. In some of these methods, data colocation is used [11], 



while in others [14, 15, 16], a data layout is used to address performance issues. In 

these latter methods, the data file format is changed and optimized. Some 

important methods are Llama [12] and Cheetah [13]. There are also methods that 

try to add join to MapReduce by adding phases to MapReduce such as map-

reduce-merge [17] or map-join-reduce [18]. 

In this paper, a method for transferring a multidimensional data source to shared 

nothing architectures is proposed. This method can transfer all models of a data 

warehouse to a distributive environment. In addition, this method can solve data 

locality problems in shared nothing architecture; therefore, the nodes do not need 

any data from other nodes. This method can be used with both homogeneous and 

heterogeneous nodes. According to the proposed data format, several allocation 

methods are possible. Additionally, the proposed method can combine data from 

different multidimensional data sources on various platforms. 
 
3-Arvand 
 
Each multidimensional data model has several dimensions and measures, and 

reports in OLAP are extracted by combining them. The proposed method requires 

that all dimensions and measures of the OLAP cube data source be put together in 

a report. For example, suppose that there is a cube in OLAP that has four 

dimensions and three measures; for Arvand input, a seven-field data source must 

be built.   

The first table in the proposed method is Arvand_Cube, which stores cube 

information from different OLAP data sources. The next step is to build an 

Arvand_Dimension table. The columns of this table are equal to the number of 

cube dimensions plus two. If there are k dimensions in the input data source, 

Arvand_Dimension will look like Table 2. Dimension_ID is the table key, 

Cube_ID is the Arvand_Cube key, and the other columns are the input dimension 



names. In each dimension name field, all used values of a dimension are stored. If 

there is more than one OLAP cube, then the number of Arvand_Dimension 

columns is equal to the maximum number of dimensions for the different cubes. 

To specify what dimension of data each column of Arvand_Dimension contains, 

Arvand_Dim_Map is used. In this table, the mapping between the 

Arvand_Dimension columns and the cube dimensions is determined. Measure 

information is required, so Arvand_Measure is defined as in Table 4. To store the 

measure values, Arvand_Fact is defined as in Table 5. Arvand_Fact_ID is the table 

key, Measure_ID is the key of the Arvand_Measure, Dimension_ID is the key of 

Arvand_Dimension, and Measure_Value is the value of the measure in the input 

data source. The last Table is Arvand_Relation. This table is used to maintain the 

equivalent dimensions and measures of different cubes. A field (Rel_Type) 

indicates whether a relation is defined for dimensions or measures.    
 
 

Arvand_Cube 
Cube_ID 
Cube _Name 
Table 1: Arvand_Measure table  

 
Arvand_Dimension 
Cube_ID 
Dimension_ID 
Dimension1_Name 
Dimension2_Name 
… 
Dimensionk_Name 
Table 2: Arvand_Dimension table  

 
Arvand_Dim_Map 
Cube_ID 
Dimension_ID 
Dimension_Name 
Column_Order 
Table 3: Arvand_Dim_Map table  

 
Arvand_Measure 
Cube_ID 
Measure_ID 
Measure_ Name 
Table 4: Arvand_Measure table 

 



Arvand_Fact 
OLAP_Fact_ID 
Dimension_ID 
Measure_ID 

Measure_Value 

Table 5: Arvand_Fact table  
 

Arvand_Relation 
DimMeas_ID1 
DimMeas_ID2 
Rel_Type 
Table 6: Arvand_ Relation table 

 
For example, there is an OLAP cube with the following specifications: 
 

Dimensions Date(Year, Month, Full Date), Supplier, Place(Province, City) 
Measures Cost, Sell 

Table 7: Measures and dimensions definition 
 

If the input table from the OLAP cube is Table 8. 
 

 Date Place Supplier Measures 
OLAP_Fact_ID Full Date Month Year Province City Supplier Sell Cost 
1 20120616 6 2012 P1 C1 S1 2000000 16000 
2 20120711 7 2012 P1 C2 S2 2500000 18000 
3 20130616 6 2013 P1 C1 S1 1800000 20000 

 Table 8: Sample OLAP data source 
 
 
Then, the Arvand_Cube tables can be filled as in Table 9.  
 

Cube_ID Cube_Name 
1 SampleCube 

Table 9: Arvand_Cube table sample data 
 
The date dimension values equal “2013/06/16, 2012/07/11, 2012/06/16”, the 

supplier dimension values equal “S1, S2”, the province values equal “P1”, and it 

has two children “C1, C2”. To fill Arvand_Dimension, the table dimensions must 

be combined as in Figure 1. In other words, all dimension values at any level of the 

hierarchy must be considered. The total states are the multiple of each dimension 

value, being one hundred and eight (9 * 3 * 4) in this example. 

 



 
 

Figure 1: Different combinations of dimensions 
 
According to the above descriptions, the Arvand_Dimension table is filled by the 

following values. Each level of the dimension hierarchy is separated by @. 
 

Cube_ID Dimension_ID Date Place Supplier 
1 1 2012 S1 P1 
1 2 2012 S1 P1@C1 
… … … … … 
1 108 All All All 

Table 10: Arvand_Dimension table sample data 
 

The measure definitions in the Arvand_Measure table are shown in Table 11. 
   

ID_Measure Name_Measure 
1 Cost 
2 Count 

Table 11: Arvand_Dimension table sample data 
 

Because there is only a cube, there is no record in the Arvand_Relation table. Data 

items are entered in Arvand_Fact as Table 12. Because there are two measures, the 

dimension combinations count is multiplied by two (two hundred and sixteen). 
 

Arvand_Fact_ID Dimension_ID Measure_ID Measure_Value 
1 1 1 2000000 

2 2 1 2500000 
… … … … 
216 108 2 54000 

Table 12: Arvand_Fact table sample data 
 



If there is more than one multidimensional data source after they are all converted 

to the proposed format, then the dimensional relationship for each multi-dimension 

data source with other multi-dimension data sources should be determined if they 

have a relationship. These relations should also be determined for measures. The 

proposed method has a unified structure that has the following advantages over 

distributed nodes: 

 Because all needed information is in the node, each node can execute its 

query independently. 

 Data distribution over nodes with different architectures is possible. Some 

distribution architectures are 

 Dimension-based  

 Row-based 

 Query-based 

 Dimension and row-based 

 Business-based 

 Uniform-based 

 Hit ratio-based 

 Statistical and data mining algorithm-based 

 Measure-based 

 Depending on the data structure of the proposed method, using MapReduce 

methods is possible, and parallel and scalable architectures can be used to 

address performance issues. 

 The proposed method has no dependency on a particular hardware; 

therefore, homogeneous and heterogeneous nodes can be used in 

deployment architecture design. 



 During query execution, due to the data structure of the proposed method, 

there is no need to complete the information for the dimensions. 

 Due to the unification of the data structure, the calculation speed increases, 

and the variety of calculations decreases. 
 

4-Deployment architectures 
In this section, various deployment architectures for the proposed method are 

investigated. The first considered architecture is dimension-based distribution, in 

which each node contains information of a particular dimension. Due to complete 

information in Arvand_Dimension, the fragmentation of data is easily possible. 

Nodes can be homogeneous or heterogeneous. If nodes are homogeneous, the map 

phase speed is equal for all nodes; if they are heterogeneous, the mapping phase 

speed equals the processing time of the weakest node. For the proposed method, 

the query in this method is first changed based on the dimensions. Next, each 

query is sent to a related node. In this architecture, a group of nodes can be used 

for a dimension instead of a node. The number of nodes for a dimension varies 

based on the processing power, memory and dimension hit ratio. In heterogeneous 

nodes, the proposed method helps to create approximately homogeneous groups. 

The second architecture is row-based distribution. In this architecture, a query is 

sent to all nodes, their results are sent to a Reducer, and the final result is then 

calculated. Nodes can be homogeneous or heterogeneous. If heterogeneous nodes 

are selected, the performance of the architecture is equal to that of the weakest 

node.  

The third considered architecture is query-based distribution. In this method, data 

fragmentation and allocation is based on queries. First, it is determined which 

dimensions and measures are needed for each query. Then, data are allocated to 

each node based on the measures and dimensions. At run time, each query is sent 



to its related node using metadata. The proposed architecture is parallel, and 

multiple queries can be run on it simultaneously. In addition, it is very easy to 

execute a query on more than one node when needed. If there are sets of data 

needed by different nodes, the set can be saved on a node or replicated on each 

node. As a subset of query-based distribution, a row and dimension-based 

distribution can also be used. In this architecture, a query is not a criterion for data 

fragmentation and allocation. A combination of dimensions and rows are used for 

fragmentation and allocation, and a node or a group of nodes can be used for the 

combination. A business-based distribution is another subset of query-based 

distributions. In these architectures, data are fragmented according to business 

needs, and each node (or group of nodes) contains information of a part of a 

business. If there is common data between business parts, it can be located on a 

node (a group of nodes) or replicated over all related nodes.  

Hit ratio-based distribution is the fourth considered architecture. In this 

architecture, data are categorized based on the hit ratio. High hit ratio data are 

allocated to powerful nodes, and low hit ratio data are allocated to medium and 

weak nodes. This architecture can properly use existing hardware with high 

performance and can execute multiple queries in parallel. 

Statistical methods and data mining algorithm distribution are the fifth considered 

architecture. In this architecture, data mining algorithms and statistical methods are 

used for data fragmentation. Each fragmentation, or a set, can be allocated to a 

node or group of nodes. 

Measure-based distribution architecture is the last proposed architecture. Because 

of the uniform structure of the proposed method, it is possible to fragment data 

based on measures. Measures can be allocated to a node or a group of nodes based 

on business concerns such as security and performance. In Arvand, 



Arvand_Allocator allocates data to nodes based on one of the above architectures. 

Arvand_Allocator is activated when ETL runs on different multidimensional data 

sources. In other words, when data are converted from the data source format to 

the Arvand format, the Arvand_Allocator allocates data rows to each node based 

on the selected allocation method. 
 
5-Evaluation 
In this section, Arvand in compared with Hive [30] and Spark-SQL [29], these 

being two major data warehouse products for big data. Data from OLAP data 

sources are transferred to Hive and Spark-SQL with no change. Hadoop 2.7.3 [32] 

is used to implement Arvand, but some changes are made on the NameNode. In 

addition, Arvand allocates data to each DataNode using Arvand_Allocator in the 

ETL phase. As another difference, the proposed method uses PostgreSQL 

9.6.1[28] as a database on each DataNode, and Redis 3.2.5 [27] is used as the 

database on the NameNode with disk persistent =AOF. Redis is an in-Memory 

database, and Arvand uses it on the NameNode for performance issues. Figure 3 

shows Arvand implementation in Hadoop. 
 

 
Figure 3: Arvand implementation on Hadoop 

 



For the evaluation, TPC-DS 2.3.0 [33] queries are used. For data generation, TPC-

DS_Tools_v2.3.0 [34] is used. Five fact tables and their related dimensions are 

used (store_sales, store_returns, catalog_sales, catalog_returns, web_sales, 

web_returns, inventory). All fact tables are allocated to servers with specifications 

as in Table 13. The scale factor is equal to 10 TB, and SF=10000. The first thirty 

queries of TPC-DS are selected for evaluation. To evaluate the proposed method, 

two groups of experiments are performed. First, each of the data sources is 

distributed over nodes separately, and different architectures are investigated in 

two modes, homogeneous and heterogeneous. Then, all data sources are combined 

and investigated in homogeneous and heterogeneous modes. 

The first twenty nodes with specifications as shown in Table 13 are selected. 
Node  Count: 20 
CPU Intel Core i5-2500K Quad-Core 

Processor 3.3 GHz 
HDD 5TB 
RAM 16 GB 

Table 13: Analytic servers’ specification 

Each node has Ubuntu 16.1 [31] as the operating system and PostgreSQL 9.6.1 as 

the database. Each node can perform its process separately due to the Arvand data 

format. Then, Hive and Spark-SQL on Hadoop is used over twenty nodes. The 

following configuration is used for Hive and Spark-SQL. 
 

 
 

dfs.replication 3 
mapred.map.tasks 19 

mapred.reduce.tasks 1 
Table 14: Hadoop configuration 

 
 

SPARK_WORKER_CORES 19 
Table 15: Spark configuration 

 
 

 



Table 17 shows the Arvand_Allocator’s time to transform the multidimensional 

data source to Arvand format. To import data into Hive and Spark-SQL, the “load 

data” method is used, and each fact and dimension is a csv (comma-separated 

value) file. Arvand_Allocator uses different strategies to allocate data to nodes and 

takes longer than Hive or Spark-SQL. The best Arvand_Allocator load time is for 

row-based distribution, which requires the least computation and fragmentation. 

The maximum time is for the query-based method because twenty TPC-DS queries 

must be analysed and data fragmentation must be performed based on the results. 

In the heterogeneous mode, Hive and Spark-SQL have the same times, but 

Arvand_Allocator spends more time to achieve load balancing. Table 21 shows the 

load time for homogeneous and heterogeneous nodes. Figure 4 shows results of the 

average execution time of queries on homogeneous nodes. In other methods for 

evaluating architecture types, nodes are considered heterogeneous. In this method, 

three types of nodes are considered; these are in tables 16, 17 and 18. 
Node type1 Count: 5 
CPU Intel Core i3-

530 Processor 
2.93 GHz 

HDD 1TB 
RAM 8 GB 

Table 16: Node type 1 
 
 

Node type2 Count: 10 
CPU Intel Core i5-

2500K Quad-
Core Processor 
3.3 GHz 

HDD 5TB 
RAM 16 GB 

Table 17: Node type 2 
 
 

Node type3 Count: 5 
CPU Intel Core i7-

3770 Quad-
Core Processor 



3.4 GHz  
HDD 10 TB 
RAM 32 GB 

Table 18: Node type 3 
 
 

The following configuration is used for Hive and Spark-SQL. 

 
dfs.replication 3 

mapred.map.tasks 17 
mapred.reduce.tasks 3 

Table 19: Hadoop configuration 
 

SPARK_WORKER_CORES 19 
Table 20: Spark configuration 

 
 

Load time (seconds) 
Hive Spark-SQL Dimension-

based 
Row-based 
distribution 

Measure-
based 

distribution 

Query-based 
distribution 

Homogeneous nodes 900 900 2580 1398 2250 6300 
Heterogeneous nodes 900 900 5520 2502 3363 9005 

 Table 21: Load data time (Seconds) 

The results are shown in Figure 4. 

 

Figure 4: Homogeneous/heterogeneous architecture types query execution times 
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In this part of the evaluation, five multidimensional data sources with different 

scale factors and SF are combined together, and their performances with 

homogeneous nodes and heterogeneous nodes are compared. In homogeneous 

mode, 100 nodes with specifications shown in Table 13 are used. In the 

heterogeneous mode, 30 nodes with specifications from Table 16 and SF=10000 

and Scale factor=10TB, 40 nodes with specifications from Table 17 and 

SF=100000 and Scale factor=100TB and 30 nodes with specifications from Table 

18 and SF=100000 and Scale factor=100TB are used. For Hive and Spark, the 

following configuration is used. 

 
dfs.replication 3 

mapred.map.tasks 90 
mapred.reduce.tasks 10 
Table 22: Hadoop configuration 

 
SPARK_WORKER_CORES 99 

Table 23: Spark configuration 
 

 
Load time is as shown in Table 24. 
 

 

Load time 
(seconds) Hive Spark-SQL Dimension-

based 
Row-based 
distribution 

Measure-
based 

distribution 

Query-
based 

distribution 
Homogeneous 

nodes 2520 2520 8502 3608 9748 19885 

Heterogeneous 
nodes 2520 2520 16205 9514 11258 29663 

Table 24: Load data time (Seconds) for multiple data sources 

To help Hive and Spark know the relations between cubes, Arvand_Relation data 

are used for query processing. The results are shown in Table 25. 

Average 
query processing time(s) in 

Heterogeneous nodes 

Average 
query processing time(s) 
in Homogenous nodes  

Architecture type/ Product  

12580  4800  Hive  
5205  2055  Spark  
450  415  Dimension-based distribution  
176  136  Row-based distribution  



598  580  Measure-based distribution  
142 105 Query-based distribution  

Table 25: Query processing time for OLAP cubes combination 

 

6-Conclusion 
Organizations hold many multidimensional data sources with valuable information. 

To use the information, distributable architectures are required to lower the query 

execution time. However, data transfer to scalable and distributable environments 

does not completely solve the multidimensional execution time problem because 

each node needs data from other nodes to execute its query. If each node has all of 

the related data, network congestion decreases dramatically. 

In this paper, Arvand is proposed as a method for data unification between 

different multidimensional data sources. Using this method, legacy 

multidimensional data sources can benefit from data distribution and scalability. 

Because the data format is unified in Arvand, each node can perform its process 

separately and does not need data items from other nodes. To transfer data from 

legacy multidimensional data sources to a scalable and distributable environment, 

data sources must send their data items with an Arvand defined format. 

Arvand_Allocator is used to allocate multidimensional data sources to different 

nodes. In some scenarios such as query-based or dimension-based allocation, it 

takes longer to allocate data to nodes, but at query execution time, queries are 

executed more rapidly than they are with other methods. To implement the 

proposed method, Hadoop is used, and some changes in the NameNode and 

DataNodes are made. The proposed method was evaluated using several 

architectures with heterogeneous and homogeneous nodes. Its performance was 

also compared to that of Hive and Spark-SQL. The results show that the data 

unification in Arvand leads to a major improvement in execution time. 



In the proposed method, dices of cubes with different granularities are transferred 

to a shared nothing environment. According to the data source OLAP model, if 

there is a cube in the data source where measures are computed for all dimension 

combinations (MOLAP), then the space to store data does not change in the data 

source and Arvand format. However, if measures are not computed for all 

dimension combinations (ROLAP or HOLAP) in the source cube, the size of data 

on the destination increases to be equal to the size of the uncalculated measures per 

dimension combinations.  

Data format unification can be applied to problems in other fields. This method can 

be used in data warehouse [26], graph processing [23], data mining [24] and 

specific problems like finding patient similarity [25]. For future works, this method 

can also be used for interactive query processing, online data mining and stream 

processing.  
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