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1. Introduction 

Many years, data warehouses and OLAP approaches have been utilized to enable structured data 

analysis, and as a result, many solutions to established research problems have been developed in the 

context of traditional relational database environments. One of these issues is data warehouse 

A B S T R A C T 

 

One of the goals of Big Data systems is to allow for the analysis of data from many sources. Since 

data warehouses have been used for decades to accomplish the same aim, they might be utilized to 

analyze data stored in Big Data platforms as well. Many academics throughout the world have looked 

into the subject of adapting data warehouse data and schemata to changes in these needs as well as 

data sources. However, novel approaches must be created to support the evolution of data warehouses 

that evaluate data stored in Big Data systems.In this paper, I propose a data warehouse architecture 

that allows different types of analytical tasks, such as OLAP-like analysis, to be performed on big 

data loaded from multiple heterogeneous data sources with varying latency, and that can handle 

changes in data sources as well as evolving analysis requirements. The architecture's operation is 

heavily reliant on the information described in the article. 

Keywords: Big Data,Data Warehouse,OLAP,Evolution 

mailto:byjumannar@gmail.com


654                   International Journal of Research Publication and Reviews, Vol 3, no 5, pp 653-657, May 2022 

 

evolution, which occurs as a result of changes in business requirements, data sources, or data 

warehouse architecture enhancements.Due to the growing volume and heterogeneity of data that 

needs to be processed and analyzed, Big Data technologies [1] that leverage distributed data storage 

systems and process data in parallel have recently emerged. The demand for analyzing data stored in 

such systems is growing, and data warehousing is one of the analytical alternatives. Several recent 

papers have outlined open Big Data issues and research directions. To address the challenge of Big 

Data evolution, an architecture that allows users to store and process structured and unstructured data 

at various levels of detail, analyze it using OLAP capabilities, and manage changes in needs and data 

expansion semi-automatically. The metadata described in the paper are used to operate the 

architecture components responsible for OLAP analysis and evolution handling. 

2.Big Data Warehouse Architecture 

Traditional data warehouse evolution framework [3] inspired the concept of the Big Data warehouse 

architecture. The data warehouse evolution framework was expanded to the setting of Big Data. 

 

 

 
 

  

 
 

 

 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

 
 

 

 

 

Fig 1: Big Datawarehouse architecture 
 
 

2.1. Architecture Components 

The suggested architecture is made up of various components (Fig: 1). Wrappers in the source layer 

acquire structured and unstructured data from data sources and load it into the system in its original 
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format at varied rates. We embrace [4]'s proposal to construct a data highway with varying levels of 

latency. Starting with the raw source data, each subsequent level is derived from the preceding level 

data and is updated less frequently. Furthermore, data from numerous heterogeneous sources is 

gathered and then turned into a structured data warehouse schema at the latter level.ELT (Extract, 

Load, Transform) processes are responsible for data pre-processing in the proposed architecture 

since data is copied in their original format first and then processed subsequently. Advanced 

approaches such as data mining or sentiment analysis must be used to extract structured data from 

unstructured sources. 

The adaption component is in charge of dealing with data source changes. For each change in a data 

source, the fundamental idea is to generate numerous alternative modifications in a data warehouse 

or other levels of the data highway, allowing a developer to choose the most relevant change to 

apply. Certain types of changes need the developer to provide additional data via the adaption 

component that cannot be discovered automatically. 

We intend to support various types of analysis. Business analysts can use OLAP cubes to create 

dashboards, charts, and other reports, as well as perform OLAP operations utilizing business 

intelligence and visualization tools. The cube engine component pre-computes various dimensional 

combinations and aggregated measures for them since the volume of data stored in the data 

warehouse may be too enormous to offer adequate performance of data analysis queries. Apart from 

OLAP operations, data analysts might use existing analytics tools or create ad-hoc procedures to 

perform advanced analysis techniques (for example, data mining). 

2.2. Metadata Management 

The metastore, which includes six types of interconnected metadata required for the operation of 

other components of the architecture, is one of the most important components of the proposed 

architecture. The semantics and schema of Big Data stored at various levels of the system are 

described by data highway metadata. Cube metadata describes the schemata of pre-computed cubes 

and can be used not just for cube computation but also for query execution. The logics of ELT 

processes are defined by metadata mapping. They keep track of the connections between data from 

various sources and data highway items.The source change metadata records information regarding 

changes in data sources. This information can be gleaned through wrappers or while ELT procedures 

are running. Adaptation rules specify which adaptation options must be used for various sorts of 

changes. Finally, prospective change metadata collects proposed data warehouse schema changes. 
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A developer uses the metadata management tool to keep track of the data in the metastore. 

Furthermore, the metadata management tool enables the developer to make changes to the data 

highway and ELT operations to accommodate new or changing data requirements. The potential 

change metadata also keeps track of the history of chosen modifications made to propagate data 

source evolution, as well as changes made directly through the metadata management tool. 

3.Related Work 

Although various ways to handling data warehouse evolution in relational database environments 

have been presented, such as [5], [6,] they cannot be immediately applied to Big Data system 

adaption. Only a few Big Data systems, such as [7], explore the evolution element of Big Data; 

nevertheless, the given system's goal is not data analysis and it does not use a data warehouse. 

Although there are various studies devoted to multidimensional Big Data analysis, such as [8], they 

do not address the issue of Big Data evolution. We identified only a few studies that address this 

issue. The authors of the work [9] explain a model enrichment process and propose iterative 

execution of the methodology's model design stage for building a Big Data analysis system. The 

approach proposed is complementary to ours. Slowly changing dimensions and fact table schema 

versions in metadata are supported by a data warehouse solution for Big Data analysis presented in 

the study [10]. The system does not process changes in Big Data sources, unlike our plan.The paper 

[11] describes an architecture that uses Big Data technology for OLAP analytics at LinkedIn. When a 

new dimension is introduced to the cube, the authors discuss the topic of cube evolution. Manual 

cube schema redefinition and data recalculation are used to deal with such modifications. 

4.Conclusions and Future Work 

The data warehouse architecture for facilitating Big Data analysis was proposed in this study. Our 

proposed architecture has the unique ability to react to changes in needs or data expansion 

automatically or semi-automatically. 

Because the architecture is still not fully completed, we need building metadata models to define data 

highway schemata, data requirements, source data, and changes, as well as developing algorithms for 

automatic and semi-automatic change detection and treatment. We want to employ existing tools and 

technologies as well as develop original solutions to achieve the big data warehouse architecture. 
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