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OLAP (online analytic processing) systems provide valuable insights into organiza-

tions; thus, it becomes necessary to integrate legacy OLAP systems into scalable and dis-
tributable architectures. This project comprises two important tasks: the first is transfer-
ring 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 ar-
chitectures. An additional problem is query execution time on the shared nothing archi-
tectures because by default, complete data locality is not considered in these environ-
ments. 

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 re-
trieval. 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.      
 
Keywords: multidimensional data source, MapReduce, data warehouse, big data, analy- 
tics 
 
 

1. INTRODUCTION 
 

The pace of information generation has accelerated, and a large volume of infor-
mation 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 im-
portant 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 scala-
ble and cannot be merged with other OLAP systems due to structural problems. There-
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fore, 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 fu-
ture trends for big data is merging it with existing multidimensional data.  

The main problem with transferring multidimensional data sources to shared noth-
ing 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, ex-
isting 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 trans-
formation. 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 STUDIES 

This section investigates works relating to the proposed method. This section con-
sists 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 ex-
plained. 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 architec-
tures. Hence, share nothing architectures have problems, such as not meeting data local-
ity 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 net-
work. Using the network to transfer data causes network congestion. One of the most 
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important methods used over shared nothing structures is MapReduce. Hadoop is based 
on Map-Reduce, 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 meth-

ods 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 con-
stellation. 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 col-
umn-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 infor-
mation 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 ware- 
house 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 at-
tribute 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 trans-
ferred to Hive by a rule-based method. NoAM [22] is an abstract model for NoSQl data-
bases 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 di-
rectly. 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 [14-16], a data layout is used 
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Table. Arvand_Measure table.  Table 2. Arvand_Dimension table. Table 3. Arvand_Dim_Map table. 

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 ware-
house 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. Addi-
tionally, the proposed method can combine data from different multidimensional data 
sources on various platforms. 

3. PROPOSED METHOD 

Each multidimensional data model has several dimensions and measures, and re-
ports 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 infor-
mation from different OLAP data sources. The next step is to build an Arvand_Dimen- 
sion 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 Ar-
vand_Dimension columns is equal to the maximum number of dimensions for the dif-
ferent 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 re-
quired, so Arvand_Measure is defined as in Table 4. To store the measure values, Ar-
vand_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 dimen-
sions or measures.   
  

 

 
 

Arvand_Cube 
Cube_ID 

Cube _Name 

Arvand_Dimension
Cube_ID

Dimension_ID
Dimension1_Name
Dimension2_Name

…
Dimensionk_Name

 
Arvand_Dim_Map 

Cube_ID 
Dimension_ID 

Dimension_Name 
Column_Order 
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Fig. 1. Different combinations of dimensions. 

Table 4. Arvand_Measure table. Table 5. Arvand_Fact table. Table 6. Arvand_Relation table.  
Arvand_Measure 

Cube_ID 
Measure_ID 

Measure_ Name 
 

 
Arvand_Fact 

OLAP_Fact_ID 
Dimension_ID 
Measure_ID

Measure_Value

 
Arvand_Relation 
DimMeas_ID1 
DimMeas_ID2 

Rel_Type 
 

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

Table 7. Measures and dimensions definition. 
Dimensions Date(Year, Month, Full Date), Supplier, Place(Province, City) 
Measures Cost, Sell 

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

Table 8. Sample OLAP data source. 
 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 9. Arvand_Cube table sample data. 

Cube_ID Cube_Name 
1 SampleCube 

 
Then, the Arvand_Cube tables can be filled as in Table 9. 

The date dimension values equal “2013/06/16, 2012/07/11, 2012/06/16”, the sup-
plier 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 Fig. 1. In other words, all dimension values at any level of the hierarchy must be con-
sidered. The total states are the multiple of each dimension value, being one hundred and 
eight (9 * 3 * 4) in this example. 
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According to the above descriptions, the Arvand_Dimension table is filled by the 
following values. Each level of the dimension hierarchy is separated by  
 

Table 10. Arvand_Dimension table sample data. 
Cube_ID Dimension_ID Date Place Supplier 

1 1 2012 S1 P1 
1 2 2012 S1 P1@C1 

… … … … … 
1 108 All All All 

 

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

Table 11. Arvand_Dimension table sample data. 
ID_Measure Name_Measure 

1 Cost 
2 Count 

 
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 di-
mension combinations count is multiplied by two (two hundred and sixteen). 
 

Table 12. Arvand_Fact table sample data. 
Arvand_Fact_ID Dimension_ID Measure_ID Measure_Value 

1 1 1 2000000 
2 2 1 2500000 
… … … … 

216 108 2 54000 

 
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 rela-
tionship. 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 inde-

pendently. 
 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 
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 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, homo-
geneous 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 inves-
tigated. 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 relat-
ed 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 dimen-
sions 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 crite-
rion 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.  
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Fig. 2. Arvand implementation on Hadoop. 

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 que-
ries 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 allo-
cates data rows to each node based on the selected allocation method. 

5. DEPLOYMENT ARCHITECTURES 

In this section, Arvand in compared with Hive [31] and Spark-SQL [30], these be-
ing 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 [33] is used to imple-
ment Arvand, but some changes are made on the NameNode. In addition, Arvand allo-
cates data to each DataNode using Arvand_Allocator in the ETL phase. As another diff- 
erence, the proposed method uses PostgreSQL 9.6.1 [29] as a database on each DataNode, 
and Redis 3.2.5 [28] 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. Fig. 2 shows Arvand implementation in Hadoop. 
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For the evaluation, TPC-DS 2.3.0 [34] queries are used. For data generation, TPC- 
DS_Tools_v2.3.0 [35] is used. Five fact tables and their related dimensions are used 
(store_sales, store_returns, catalog_sales, catalog_returns, web_sales, web_returns, in-
ventory). 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 dif-
ferent 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. 

Table 13. Analytic servers’ specification. 
Node Count: 20 

CPU 
Intel Core i5-2500K Quad-Core 

Processor 3.3 GHz 
HDD 5TB 
RAM 16 GB 

 

Each node has Ubuntu 16.1 [32] 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 con-
figuration is used for Hive and Spark-SQL. 
 

Table 14. Hadoop configuration. 
dfs.replication 3

mapred.map.tasks 19
mapred.reduce.tasks 1

 

 
Table 15. Spark configuration. 

SPARK_WORKER_CORES 19 

 
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. Ar-
vand_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 frag-
mentation 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. Fig. 
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 16-18. 
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Table 16. Node type 1. 
Node type1 Count : 5 

CPU 

Intel Core 
i3-530 Pro-
cessor 2.93 

GHz 
HDD 1TB 
RAM 8 GB 

 

Table 17. Node type 2. 
Node type2 Count : 10 

CPU 

Intel Core 
i5-2500K 

Quad-Core 
Processor 3.3 

GHz 
HDD 5TB 
RAM 16 GB 

Table 18. Node type 3. 
Node type3 Count : 5 

CPU 

Intel Core 
i7-3770 

Quad-Core 
Processor 3.4 

GHz  
HDD 10 TB 
RAM 32 GB 

 

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

 
Table 19. Hadoop configuration. 

dfs.replication 3 
mapred.map.tasks 17 

mapred.reduce.tasks 3 
 

Table 20. Spark configuration. 
SPARK_WORKER_CORES 19 

 
 

 
Table 21. Load data time (seconds). 

Load time(seconds) Hive 
Spark-
SQL 

Dimension 
based 

Row base
distribution

Measure base 
distribution 

Query base 
distribution 

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

  

 
Fig. 3. Homogeneous/heterogeneous architecture types query execution times. 

 

The results are shown in Fig. 3. 
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 specifi-
cations shown in Table 13 are used. In the heterogeneous mode, 30 nodes with specifica-
tions 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. 
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Table 22. Hadoop configuration. 
dfs.replication 3

mapred.map.tasks 90
mapred.reduce.tasks 10

 

Table 23. Spark configuration. 
SPARK_WORKER_CORES 99 

 

 
 
Load time is as shown in Table 24. 
 

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

Load time 
(seconds) 

Hive Spark-SQL
Dimension 

based 
Row base 

distribution

Measure 
base dis-
tribution 

Query base 
distribution 

Homogeneous 
nodes 

2520 2520 8502 3608 9748 19885 

Heterogene-
ous nodes 

2520 2520 16205 9514 11258 29663 

 

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. 

 

Table 25. Query processing time for OLAP cubes combination. 
nAverage query processing 

time(s) in Heterogeneous nodes 
Average query processing 

time(s) in Homogenous node 
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  

6. CONCLUSIONS 

Organizations hold many multidimensional data sources with valuable information. 
To use the information, distributable architectures are required to lower the query execu-
tion 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, net-
work 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 
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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, Ha-
doop is used, and some changes in the NameNode and DataNodes are made. The pro-
posed method was evaluated using several architectures with heterogeneous and homo-
geneous 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 execu-
tion 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, 27], 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.   

REFERENCES 

1. A. Cuzzocrea, L. Bellatreche, and I. Y. Song, “Data warehousing and OLAP over 
big data: current challenges and future research directions,” in Proceedings of the 
16th ACM International Workshop on Data Warehousing and OLAP, 2013, pp. 
67-70.       

2. E. Dede, M. Govindaraju, D. Gunter, R. S. Canon, and L. Ramakrishnan, “Perfor-
mance evaluation of a mongodb and hadoop platform for scientific data analysis,” in 
Proceedings of the 4th ACM Workshop on Scientific Cloud Computing, 2013, pp. 
13-20.      

3. D. Han and E. Stroulia, “A three-dimensional data model in hbase for large time-se- 
ries dataset analysis,” in Proceedings of the 6th IEEE International Workshop on 
Maintenance and Evolution of Service-Oriented and Cloud-Based Systems, 2012, pp. 
47-56.      

4. T. Vajk, P. Feher, K. Fekete, and H. Charaf, “Denormalizing data into schema-free 
databases,” in Proceedings of the 4th IEEE International Conference on Cognitive 
Infocommunications, 2013, pp. 747-752.    

5. E. Dede, M. Govindaraju, D. Gunter, R. S. Canon, and L. Ramakrishnan, “Perfor-
mance evaluation of a mongodb and hadoop platform for scientific data analysis,” in 
Proceedings of the 4th ACM Workshop on Scientific Cloud Computing, 2013, pp. 
13-20.      

6. M. Chevalier, M. El Malki, A. Kopliku, O. Teste, and R. Tournier, “Implementation 
of multidimensional databases with document-oriented NoSQL,” in Proceedings of 
International Conference on Big Data Analytics and Knowledge Discovery, 2015, 
pp. 379-390.   

7. M. Chevalier, M. El Malki, A. Kopliku, O. Teste, and R. Tournier, “How can we 
implement a multidimensional data warehouse using NoSQL?” in Proceedings of  



ARVAND: A METHOD TO INTEGRATE MULTIDIMENSIONAL DATA SOURCES 517

International Conference on Enterprise Information Systems, 2015, pp. 108-130.    
8. K. Dehdouh, F. Bentayeb, O. Boussaid, and N. Kabachi, “Using the column oriented 

NoSQL model for implementing big data warehouses,” in Proceedings of Interna-
tional Conference on Parallel and Distributed Processing Techniques and Applica-
tions, 2015, p. 469.      

9. M. Y. Santos and C. Costa, “Data warehousing in big data: from multidimensional 
to tabular data models,” in Proceedings of the 9th International Conference on Com- 
puter Science and Software Engineering, 2016, pp. 51-60.    

10. C. Doulkeridis and K. Nørvåg, “A survey of large-scale analytical query processing 
in MapReduce,” The VLDB Journal, Vol. 23, 2014, pp. 355-380.    

11. M. Y. Eltabakh, Y. Tian, F. Özcan, R. Gemulla, A. Krettek, and J. McPherson, 
“CoHadoop: flexible data placement and its exploitation in Hadoop,” in Proceedings 
of the VLDB Endowment, Vol. 4, 2011, pp. 575-585.   

12. Y. Lin, D. Agrawal, C. Chen, B. C. Ooi, and S. Wu, “Llama: leveraging columnar 
storage for scalable join processing in the MapReduce framework,” in Proceedings 
of ACM SIGMOD International Conference on Management of Data, 2011, pp. 961- 
972.    

13. S. Chen, “Cheetah: a high performance, custom data warehouse on top of MapRe-
duce,” in Proceedings of the VLDB Endowment, Vol. 3, 2010, pp. 1459-1468.   

14. Y. He, R. Lee, Y. Huai, Z. Shao, N. Jain, X. Zhang, and Z. Xu, “RCFile: A fast and 
space-efficient data placement structure in MapReduce-based warehouse systems,” 
in Proceedings of the 27th IEEE International Conference on Data Engineering, 
2011, pp. 1199-1208.      

15. A. Floratou, J. M. Patel, E. J. Shekita, and S. Tata, “Column-oriented storage tech-
niques for MapReduce,” in Proceedings of the VLDB Endowment, Vol. 4, 2011, pp. 
419-429.  

16. A. Jindal, J. A. Quiané-Ruiz, and J. Dittrich, “Trojan data layouts: right shoes for a 
running elephant,” in Proceedings of the 2nd ACM Symposium on Cloud Computing, 
2011, p. 21.     

17. H. C. Yang, A. Dasdan, R. L. Hsiao, and D. S. Parker, “Map-reduce-merge: simpli-
fied relational data processing on large clusters,” in Proceedings of ACM SIGMOD 
international conference on Management of Data, 2007, pp. 1029-1040.      

18. D. Jiang, A. K. Tung, and G. Chen, “Map-join-reduce: Toward scalable and efficient 
data analysis on large clusters,” IEEE Transactions on Knowledge and Data Engi-
neering, Vol. 23, 2011, pp. 1299-1311.  

19. L. C. Scabora, J. J. Brito, R. R. Ciferri, and C. D. D. A. Ciferri, “Physical data ware- 
house design on NoSQL databases OLAP query processing over HBase,” in Pro-
ceedings of International Conference on Enterprise Information Systems, XVIII, 
2016, pp. p. 111-118.  

20. B. Martinho and M. Y. Santos, “An architecture for data warehousing in big data en- 
vironments,” in Proceedings of the 10th IFIP WG 8.9 Working Conference on Re-
search and Practical Issues of Enterprise Information Systems, 2016, pp. 237-250.   

21. M. Y. Santos and C. Costa, “Data warehousing in big data: from multidimensional to 
tabular data models,” in Proceedings of the 9th ACM International Conference on 
Computer Science and Software Engineering, 2016, pp. 51-60.       

22. P. Atzeni, F. Bugiotti, L. Cabibbo, and R. Torlone, “Data modeling in the NoSQL  



MOHAMMADHOSSEIN BARKHORDARI AND MAHDI NIAMANESH 

 

518

 

world,” Computer Standards and Interfaces, 2016. 
23. M. Barkhordari and M. Niamanesh, “ScaDiGraph: A mapreduce-based method for 

solving graph problems,” Journal of Information Science and Engineering, Vol. 33, 
2017, pp. 143-158.  

24. M. Barkhordari and M. Niamanesh, “ScadiBino: An effective MapReduce-based 
association rule mining method,” in Proceedings of the 16th ACM International 
Conference on Electronic Commerce, 2014, p. 1.   

25. M. Barkhordari and M. Niamanesh, “ScaDiPaSi: an effective scalable and distribut-
able MapReduce-based method to find patient similarity on huge healthcare net-
works,” Big Data Research, Vol. 2, 2015, pp. 19-27.  

26. M. Barkhordari, M. Niamanesh, “Aras: A method with uniform distributed dataset to 
solve data warehouse problems for big data,” International Journal of Distributed 
Systems and Technologies, Vol. 8, 2017, pp. 47-60.    

27. M. Barkhordari and M. Niamanesh, “Atrak: A Map-Reduce based warehouse for big 
data,” The Journal of Supercomputing, 2017, DOI: 10.1007/s11227-017-2037-3.   

28. https://redis.io/.  
29. https://www.postgresql.org/.  
30. http://Spark.apache.org/.  
31. https://hive.apache.org/.  
32. http://www.ubuntu.com/download/server.  
33. http://hadoop.apache.org/.  
34. http://www.tpc.org/tpcds/.   
35. http://www.tpc.org/TPC_Documents_Current_Versions/download_programs/tools-

download-request.asp?bm_type=TPC-DS&bm_vers=2.3.0&mode=CURRENT-ONLY   
   
 

Mohammadhossein Barkhordari received the M.S. degree 
in Software Engineering from Amirkabir University, Iran. He is 
currently pursuing the Ph.D. degree in the Information and Com-
munication Technology Research Center, Iran. His research inter-
ests include big data, business intelligence, data warehouse, data 
mining. 

 
 
 

 
 

Mahdi Niamanesh received his Ph.D. degree in Computer 
Engineering in the Department of Computer Engineering, Sharif of 
University Technology in 2009. He is currently a Professor at the 
Information and Communication Technology Research Center, 
Iran. His research interests include algorithm pervasive computing, 
big data. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


