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Abstract: Modern organizations are currently wrestling with strenuous challenges 

relating to the management of heterogeneous big data, which combines data from 

various sources and varies in type, format, and content. The heterogeneity of the data 

makes it difficult to analyze and integrate. This paper presents big data warehousing 

and federation as viable approaches for handling big data complexity. It discusses 

their respective advantages and disadvantages as strategies for integrating, 

managing, and analyzing heterogeneous big data. Data integration is crucial for 

organizations to manipulate organizational data. Organizations have to weigh the 

benefits and drawbacks of both data integration approaches to identify the one that 

responds to their organizational needs and objectives. This paper aw well presents 

an adequate analysis of these two data integration approaches and identifies 

challenges associated with the selection of either approach. Thorough understanding 

and awareness of the merits and demits of these two approaches are crucial for 

practitioners, researchers, and decision-makers to select the approach that enables 

them to handle complex data, boost their decision-making process, and best align 

with their needs and expectations.  

Keywords: Heterogeneous Big Data, Integration approaches, Big Data warehousing, 

Big Data federation.  

1. Introduction  

The advancement of digital technology and the influx of data from various sources 

have made handling heterogeneous big data a vital task for organizations [1], which 
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need to be able to merge and assess such data for deeper insight and effective 

decisions [1]. Additionally, traditional data management approaches are unable to 

handle heterogeneous data or deal with a wide range of data sources, formats, and 

quality [1]. Therefore, organizations need to employ a comprehensive approach 

drawing on advanced data management techniques [1]. This paper addresses big data 

federation and warehousing as integration approaches for organizations to adopt in 

managing heterogeneous big data. It also covers the specific management issues 

associated with the volume, velocity, and variety of big data. Data management 

experts define big data based on the 3Vs, namely, volume, velocity, and variety. 

However, it can also be described by the 5Vs, which include the addition of 

Veracity (data reliability) and Value (insights). Organizations may efficiently handle 

and analyze heterogeneous data, obtain important insights, and enhance decision-

making by recognizing these issues and potential solutions. The following issues are 

discussed in this paper: (a) two approaches for managing heterogeneity in big data, 

and (b) the difficulties related to researching big data heterogeneity. The integration 

approaches to manage big data heterogeneity are: (a) big data warehousing, and  

(b) big data federation. In the sequel, we mention the two approaches with DW and 

DF, respectively. 

The remaining sections of this paper are structured as follows. Section 2 

provides an overview of big data. The big data heterogeneity is presented in  

Section 3. Integration approaches are discussed in Section 4. A comparison between 

the DW and DF approaches, analyses, and findings are presented in Sections 5. 

Finally, Section 6 concludes the paper. 

2. Overview of Big Data  

Big Data refers to the enormous amount of organized and unstructured data that 

organizations are currently dealing with [2-5]. This enormous data volume is 

generated by numerous sources, including sensors [6, 7], e-Commerce transactions 

[8, 9], and social media [10]. According to [11-13], while technology develops, Big 

Data generation will only increase, necessitating the use of more advanced techniques 

for their storage, processing, and analysis. The primary big data characteristics that 

make them so distinct and difficult to manage include [14, 15] 5Vs. 

 Volume. Organizations generate vast amounts of data, which continues to 

rise at an exponential rate [4, 16]. The growing usage of digital devices [17], the 

Internet of Things(IoT) [18], and cloud computing [19] are driving data growth. 

According to [20, 21], handling and storing such massive data volumes requires 

creative solutions, such as the use of distributed systems and cloud storage. 

 Velocity. One important part of big data is how fast data are collected and 

handled [22]. In real-time situations, data are created at a rapid rate, and it is important 

to examine them quickly to get useful insights [23]. As [24, 25] report, it requires 

new ways to process data consisting of stream processing and real-time analytics to 

deal with the amount and speed of big data. 
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 Variety. Big data includes a wide range of data kinds, including structured, 

semi-structured, and unstructured data [26, 27]. Data displayed in a tabular fashion, 

as databases, are referred to as structured data [28]. Semi-structured data contain 

some structure but are not as well ordered as structured data [26, 29. Unstructured 

data are data that do not have a specific organization, such as photographs, videos, 

and text documents [30, 31]. Processing and analyzing such a wide set of data types 

necessitates the development of novel approaches and technologies, such as natural 

language processing and computer vision [32, 33]. It has been stated that while 

working with a range of data formats, there is always a possibility of receiving 

inaccurate results [34]. 

 Veracity. Big data quality and accuracy are key challenges. With such vast 

data amounts, it is difficult to ensure the data’s reliability and consistency, making 

accurate decisions based on the data difficult [16, 35]. Modern data validation and 

cleansing processes, such as data standardization and profiling, are required to 

guarantee the integrity and reliability of data. Reference [36] proposed a solution to 

effectively handle authenticity concerns and significantly reduce the number of big 

data occurrences. 

 Value. Big data has the possibility of giving useful insights and influencing 

corporate decisions, despite the limitations it faces [37]. Organizations can identify 

hidden patterns and relationships in data by studying them, as demonstrated by [38]. 

Organizations can find hidden patterns and connections by studying their data. 

According to [39], developing BDAC leads to better decision-making and outcomes. 

To derive meaningful insights from data, it is imperative to employ sophisticated data 

analytics methodologies, including predictive modeling and machine learning. Large 

datasets provide organizations with the opportunity to find complicated patterns and 

connections that would be challenging to recognize in smaller datasets [40]. This 

phenomenon has the potential to enhance decision-making processes, improve 

consumer experiences, and improve operational efficiency. It is necessary to 

implement specific tools and technologies, such as Hadoop, Spark, and NoSQL 

databases, to properly analyze massive data [41-43, 5]. These technologies are 

intended to deal with the volume, variety, velocity, and veracity of big data, while 

also providing quick and precise insights. 

Table 1. Definition, advantage, and limitation of the key characteristics of Big Data 

Metric Definition Advantage Limitation 

Volume The amount of data 
Captures scale of 

data 

Does not consider the 

usefulness or quality of 

data 

Velocity 

The rate at which data is 

generated, captured, and 

processed 

Captures the speed of 

data processing 

Does not consider the 

usefulness or quality of 

data 

Variety 
The wide variety of data forms 

and origins 

Captures the 

diversity of data 

Does not consider the 

usefulness or quality of 

data 

Veracity 
The trustworthiness and 

accuracy of data 

Captures the quality 

and reliability of data 

Difficult to measure 

objectively 

Value 
The business value or impact of 

the data 

Captures the 

usefulness of data 

Difficult to measure 

objectively 



 6 

Many studies have been dedicated to utilizing the capabilities of big data in 

various sectors. References [44-49] have made significant contributions to education. 

Similarly, significant progress has been made in health care by [50-52] using big data 

to improve patient care and medical research. Big data have served an important part 

in transforming industries, including finance [53-55], retail [56, 57], 

telecommunications [58, 59], and tourism [60, 59, 61]. The widespread usage of big 

data has demonstrated its revolutionary impact across a wide range of industries, 

motivating researchers to further investigate its enormous potential. The enormous 

dataset sizes are directly correlated with the increased likelihood of heterogeneity, as 

noted in [62]. This relationship is a very important aspect of big data. The definitions, 

advantages, and limitations of the main characteristics of big data outlined above are 

summarized in Table 1. 

3. Big Data heterogeneity 

In the world of data, the term “heterogeneity” encompasses the range of diverse and 

complex data types and sources. This poses challenges for organizations regarding 

the efficient handling and evaluation of such data [63, 1]. The data exponential rise 

has resulted in a significant increase in data generation, originating from many 

sources including structured, unstructured, and multimedia formats. Data integration 

from many sources with diverse formats, structures, and models is also a challenge 

when working with heterogeneous data, as has been pointed out by [64-66]. Despite 

of the challenges mentioned above, working with heterogeneous data offers several 

benefits such as gaining a comprehensive understanding of the problems at hand, and 

making improved decisions based on the insights obtained from analyzing such 

diverse datasets [67, 68]. Additionally, references [67, 69] assert that the effective 

management and analysis of heterogeneous data necessitates the acquisition of 

specialized skills, knowledge, and advanced technologies within the data 

management domain. It is worth noting that when managing numerous data types 

simultaneously, there is a possibility of obtaining inaccurate results [34]. Therefore, 

it becomes crucial to address any quality issues arising due to the dataset 

heterogeneity, which can make it more challenging to process [70]. 

Several studies have highlighted the importance of taking a comprehensive 

approach to unlock the full potential of diverse data sources. This involves 

integrating, preprocessing, analyzing, governing, and semantically integrating the 

data. The aim is to gain valuable insights that can lead to business success and a 

competitive advantage. The study of [25] highlights the growing importance and 

applicability of data stream research, along with the developments in tools, 

technologies, approaches, and strategies for big data stream analysis. Since data 

integration is essential to producing high-quality data, it is recognized as an essential 

component of the analytic process [71].  

A broad variety of data types, such as social media, sensor, financial, healthcare, 

customer, supply chain, human resources, environmental, educational, transportation, 

and manufacturing data, are known as heterogeneous big data. To remain competitive 

in this industry, experts have stressed the significance of analyzing these big data 



 7 

sources and employing efficient tools and approaches. To ensure that high-quality 

data are generated, data integration is essential. It is worth noting that organizations 

are facing serious challenges in managing and analyzing big data. For organizations 

to overcome such challenges, they are forced to utilize professional and specific 

expertise, tools, and techniques in managing their organizational data. Table 2 below 

presents the various sources of big data heterogeneity. 

Table 2. The heterogeneity of big data sources 

Examples References Description Kinds of data 

Social media 

data 
[72] 

The data derived from social media sites, 

blogs, and forums 

Audio, metadata, videos, 

pictures and text 

Sensor data [73-75] 
The data derived from sensors, Internet 

of Things (IoT) devices and smart cities 

Statistical, logical, and 

geographical 

Financial data [76, 77] 
The data derived from banks, credit card 

firms, and financial institutions 

Numerical, categorical, and 

temporal 

Healthcare data [78, 79] 
Data gathered from hospitals, clinics, 

and healthcare facilities 

Diagnostics, imaging, and 

patient histories 

Customer data [80-83] 

The data produced from Customer 

Relationship Management (CRM) 

systems, websites, and loyalty programs 

Transactional, behavioral, 

and demographic 

Supply chain 

data 
[84] 

Data produced from warehouses, 

transportation systems, and factories 

Logistical, financial, and 

operational 

Human 

resources data 
[85-87] 

Data collected by human resources, 

payroll, and performance management 

systems 

Employee files, payment 

information, and performance 

evaluations 

Environmental 

data 
[88-91] 

The data obtained from weather stations, 

sensors, and satellite photography 

Environmental, geological, 

and meteorological 

Educational 

data 
[92-95] 

The data derived from educational 

institutions, online courses, and learning 

management systems 

Student documentation, test 

scores, study tools 

Transport data [96-98] 

Data derived from GPS units, 

transportation networks, and traffic 

sensors 

Data on traffic patterns, 

locations of vehicles and 

routes 

Manufacturing 

data 
[99-103] 

The data that is produced by 

manufacturing systems, sensors, and 

quality control systems 

Data on production, quality, 

and maintenance 

4. Integration approach 

Data integration refers to the process of merging and combining data from sources 

and formats to create a unified and seamless view [104, 105]. Integrating data from 

programs, databases, and file systems can present challenges in this process [106]. 

One of the difficulties with integrating data is the vast amount of data coming from 

diverse sources with different structures that are constantly evolving [107, 108]. Key 

challenges in data integration include linking records, mapping schemas, and fusing 

data [109]. Additionally consolidating all the data into a repository improves 

accessibility, promotes understanding of the information, and safeguards against any 

potential loss. Moreover, experts in data management face tasks like extracting, 

combining, and exchanging information to create a comprehensive integrated view. 

As a result of these complexities, modern organizations are compelled to integrate 
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sets of data, from sources and information systems into a centralized information 

system [110]. 

Data integration is a procedural mechanism that facilitates the use and 

accessibility of data by users inside an organization, all the while ensuring the 

preservation of its integrity and quality. Moreover, it facilitates the ongoing 

synchronization of alterations made to data stored in a single source with multiple 

additional sources [111]. To handle and exploit massive and complicated data, 

numerous organizations have inadequately integrated massive amounts of 

disorganized data into a central information system [109]. 

A notable initiative is a generic smart framework for big data integration [112], 

which seeks to enhance the quality of analytical outcomes by emphasizing data 

completeness and data veracity within the big data value chain process. A 

comprehensive review has been conducted in [113] for data integration approaches 

and techniques. This research revealed the increasing use of integration approaches 

in query processing between heterogeneous data sources and archives from 

heterogeneous data sources, demonstrating the importance of the current work. In the 

domain of industrial IoT applications, a real-time big data integration solution has 

been proposed in [114], which addresses data heterogeneity produced by IoT devices. 

The proposed solution manages data extraction, processing, and storage in diverse 

and heterogeneous repositories. Another notable contribution in [115] proposed a 

methodology that emphasizes system characteristics for data integration; however, 

update propagation control across various databases is not specified. The above 

reference proposes a solution that integrates data using two approaches: one based on 

a global data schema, where data are integrated across multiple databases using a 

unified schema, and the latter based on the concept of “peer” networks, where updates 

are propagated through the network of peers. 

Furthermore, [116] emphasizes data integrity through the data migration 

procedure, introducing the Categorical Query Language (CQL) as an understandable 

language for data transfer and interaction with complicated schemas. Data streaming 

integration is not mentioned. The authors of [116] also emphasize the necessity for 

tools to merge heterogeneous datasets. A framework was proposed in [71], which 

enables data monitoring generated by IoT devices and sensors and their integration 

with historical data. The proposed approach is founded on the utilization of SQL and 

aims to enhance the accessibility and utilization of distributed data repositories that 

possess diverse data models. In addition, the framework enables users to enhance the 

data generated by Internet of Things (IoT) devices and sensors by seamlessly merging 

them with pre-existing historical datasets. Several studies have conducted surveys of 

the most up-to-date methods for data integration to deal with the problems caused by 

big data [117-121]. 

Open challenges, as pointed out in [122] include enabling high-velocity data to 

be processed in real-time with more advanced indexing techniques to make data more 

readily available for analysis. Reference [117] presents several data integration 

problems. The first important difficulty is schema heterogeneity, which occurs when 

various data sources represent the same topic using distinct schemas. The second 

challenge is data conflicts that can arise because of incomplete data, incorrect data, 
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and out-of-date data. The approach of [123] developed a strategy that employs 

artificial intelligence technologies to automatically combine vast data volumes from 

many sources, either structured or unstructured. The suggested framework intends to 

analyze data based on their metadata to verify data similarity and feasible level of 

integration. Its structure is adaptable because it employs integration modules, which 

facilitate the maintenance, deployment, and integration of new data models as 

needed. To integrate heterogeneous big data, several approaches can be utilized, 

including data warehousing, data mapping, and data federation [124]. The data 

warehouse and data federation were the two dominant options [125]. 

4.1. Big Data warehouses 

Big Data Warehouses (BDW) represent an advancement compared to Data 

Warehousing (DW). The big data era necessitates structures and innovative 

technologies to handle the overwhelming amount and diversity of data. 

Consequently, it has become increasingly important to complement DW to tackle the 

growing challenges posed by the volume, variety, velocity, and veracity of big data 

[126]. BDW is an adopted approach, for consolidating big data sources. It includes 

establishing a repository for data from multiple sources converted and loaded. This 

strategy is useful for combining data from several sources into a database that can be 

easily accessed and analyzed. The main reasons for switching to BDW are the 

traditional DW’s significant limitations of high cost and limited efficiency in massive 

data storage and query analysis. To facilitate the integration of heterogeneous data 

from many sources, it is crucial to build a strong distributed data warehouse platform 

[127]. Because traditional DWs are better suited for organized and historical data 

analytics and have trouble expanding horizontally, it is quite challenging to ensure 

this [128]. Implementing a BDW system needs careful consideration of data 

modeling, complex mapping, and complex transformation procedures, making it a 

time-consuming and expensive procedure. The authors of [129, 130] have developed 

a customized BDW architecture designed to manage heterogeneous data for effective 

big data processing as a solution to these problems. BDWs can easier grow 

horizontally and can analyze data in real-time as shown in [131, 132]. Reference 

[133] suggested a drought data management architecture based on spatial-temporal 

BDW. To load data into Hadoop systems, Apache Flume was used in parallel to 

expedite data ingestion and increase overall system efficiency. Reference [134] 

proposed a BDW architecture for supporting big data analysis, the proposed 

architecture being capable of automatically or semi-automatically adapting to 

changes in requirements or data expansion. According to [126], the utilization of big 

data technologies and tools such as Hadoop, Apache Spark, Data Lake, and Delta 

Lake in a complimentary manner can effectively enhance and support existing DW 

systems. This integration not only enhances scalability but also contributes to cost 

reduction in the construction of conventional DW architectures. The concept of a data 

warehouse is a well-established and mature management paradigm that is supported 

by widely accepted methodologies. In contrast, the field of big data is still in a 

developmental stage, with several approaches attempting to handle certain aspects of 

the problem. However, a comprehensive and integrated solution for big data is yet to 
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be fully realized. A summary of the comparison between BDW and traditional DW 

is shown in Table 3. 

Table 3. Differences between big data warehouse and traditional data warehouse 

Characteristics BDW Traditional DW 

Data Types 

It accepts as input data that is semi-

structured, unstructured, or 

structured 

It accepts only structured data as input 

Architecture 

The processing of big data is 

accomplished through the utilization 

of a distributed file system 

The utilization of distributed file 

systems for processing is not 

employed 

Tools 
Massive amounts of data can be 

handled with Apache Hadoop 

Database Management Systems 

(DBMS), Structured Query Language 

(SQL), Extract, Transform and Load 

(ETL) tools 

Data Governance Emerging; often less mature Well-established 

Data Sources 
IoT devices, social media, logs, 

traditional databases 

Traditional databases, operational 

systems 

Complexity 
Advanced analytics, machine 

learning, real-time analytics 

Business intelligence, querying, 

reporting 

4.2. Big Data federation  

Big Data Federation (BDF) refers to the process of combining and analyzing data 

from sources spread out in locations to create a unified view, for advanced analytics 

and decision-making [135]. Unlike methods that involve consolidating data into one 

place, BDF aims to keep the data in its sources while still making it easily accessible 

for exploration and analysis across those sources. This approach is particularly useful 

when privacy, security, and control are concerns for data owners as it avoids the need 

for storage, which can be challenging or undesirable [136]. Data federation serves as 

a promising tool on its own or in conjunction with data integration. It effectively 

addresses the challenge of accessing diverse data sources by mapping them into a 

single schema like RDF(S)/OWL ontology or a relational schema. This unified 

schema allows queries such as SPARQL or SQL queries to run over it [135]. 

Moreover, modern data management systems often incorporate tools for 

federated query answering [137]. The main goal of federated query answering is to 

create a consistent way of accessing data, from sources without duplicating them in 

a central repository. This is achieved by using sub-queries that target the data sources 

within the federation and evaluating their results based on predefined rules. It is 

important to note that data federation across heterogeneous big data sources is an 

active field in both research and industry. However, there is still a need for a 

foundation and established principles for data federation systems [135]. 

In reference [138] a method is introduced to combine data from sources using 

Spark, Presto, and the OBDA framework. This allows queries in SPARQL, which 

utilizes ontology terms to consistently access types of data. This approach is 

commonly known as Ontology Based Data Access (OBDA) [138]. Additionally, 

reference [139] presents FEDSA, a data federation solution designed for query 

requirements, in law enforcement scenarios. It facilitates the gathering and 

exploration of information. The authors of [140] propose a framework that focuses 
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on analyzing data in the context of the Internet of Things (IoT). This approach takes 

into account the network of IoT systems, each one with its unique data model. 

4.3. Data warehousing versus data federation in heterogeneous Big Data 

BDW and BDF are two unique techniques for dealing with massive amounts of data, 

each one with its own set of characteristics and advantages. BDW, which is designed 

to manage enormous datasets, excels at scalability, with horizontal and vertical 

extension options to handle data growth. Big data warehousing features real-time 

analytics which facilitates data-based decision making. Nevertheless, this process is 

complex and demanding as it requires the integration of data from various sources, 

huge data transformations, and modeling to ensure data integrity and robust 

governance, which entails significant efforts and additional implementation costs. On 

the other hand, big data federation reduces the need to transform data as it takes data 

from multiple sources to create a virtual data picture without physical integration. 

This cuts the cost of infrastructure because it is virtual and does not require storage.  

 
Table 4. A comparison between BDW and BDF 

Aspect BDW BDF 

Scalability Scales horizontally and vertically Typically scales horizontally 

Real-time 

analytics 
Supports real-time data analysis 

Suitable for batch and near real-time 

analysis 

Data integration Physically consolidates data Creates virtual views of data 

Data 

transformation 

Requires significant transformation 

and modeling 

Requires minimal data 

transformation 

Data quality and 

governance 

Emphasizes data quality and 

governance 

Less emphasis on data quality and 

governance 

Cost 
Can be expensive due to infrastructure 

and resource requirements 

Generally, more cost-efficient in 

terms of infrastructure 

Complex queries Handles complex queries efficiently 

May face challenges with complex 

queries involving data from multiple 

sources 
 

Table 5. Advantages and disadvantages of BDW and BDF 

Approach Description Pros. Constraints 

Data 

warehousing 

Data from many sources 

are processed and 

placed into a centralized 

repository 

Provides a trustworthy data 

analysis and decision-making 

resource; 

Can expand horizontally with 

ease; 

Can perform real-time data 

analysis 

Time-consuming and 

expensive to implement; 

Requires significant 

resources for data modeling 

and transformation 

Data federation 

Creating a 

representation of 

information obtained 

from different sources 

without physically 

combining the data 

Less costly than data 

warehousing; minimal data 

modeling and transformation is 

required 

Challenging when 

performing complex queries 

involving data from 

different sources 

 

Despite its flexibility and reduced cost, it may experience some difficulty in 

executing queries that require pulling data from various sources. Organizations need 
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to choose between these two data management strategies based on their respective 

goals, and budgetary limitations. Additionally, they have to consider the required type 

of Big Data, including infrastructure requirements, real-time analytics capabilities, 

scalability, integration, complexity, and implementation costs. A comparison 

between the two strategies, data warehousing, and data federation, against a set of 

relevant dimensions, is presented in Tables 4 and 5 [132, 141, 142]. 

5. Analysis and findings 

The survey focuses on how organizations handle types of data and the challenges 

they face in the process. It highlights the importance of methods for integrating data 

with formats, structures, and content. Additionally, it discusses two approaches to 

managing data: data warehousing and data federation. Both approaches have their 

strengths and limitations. The goal of this survey is to provide an understanding of 

the complexities and challenges involved in handling Big Data for experts, 

researchers, practitioners, and decision-makers in the field of data management. This 

paper emphasizes that modern organizations must develop capabilities for managing 

Big Data to replace inefficient traditional methods. It also stresses the significance of 

utilizing up-to-date technology, tools, sound governance practices, and skilled 

professionals in managing big datasets. Furthermore, it sheds light on characteristics 

of Big Data including speed, volume, accuracy and trustworthiness (veracity) 

diversity (variety), and value. 

The paper outlines challenges related to processing and analyzing datasets while 

highlighting their potential benefits such as enhancing decision-making processes 

discovering patterns/opportunities and making an impact, across various business 

sectors. Moreover, the research emphasizes the importance of having knowledge, 

skills, expertise, and the right tools to manage datasets. It presents approaches, to data 

integration that aim to combine types of data from multiple sources and formats to 

create a comprehensive and unified perspective. The document also sheds light on 

the challenges associated with data integration and consolidation such as mapping 

schemas, merging data, and linking records. It discusses two methods for managing 

data: BDW and BDF. The BDW approach involves integrating data from sources into 

a repository while employing modeling, mapping, and transformation techniques. 

Although this method requires time investment and additional expenses it enables 

scalability and real-time analytics. On the other hand, the BDF approach allows 

querying and analysis by creating a virtual view without physically relocating the 

original data. Additionally, it addresses concerns regarding privacy, security, and 

ownership related to storage infrastructure. Finally, when we compare BDW with 

BDF approaches we can see their advantages and drawbacks. Although BDW 

provides scalability and real-time analytics capabilities it requires effort in terms of 

data transformation and infrastructure development. On the other hand, the BDF 

option also requires effort in data transformation. Comes with minimal infrastructure 

costs. However, it may face challenges when dealing with data queries. Organizations 

make their decision on which approach to use based on factors such as resources, 

specific integration needs the level of complexity in data queries required, and 
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considerations, for data security and privacy. By considering these factors 

organizations can make informed decisions to effectively manage data and improve 

the decision-making process.  

6. Conclusion 

This survey addresses the challenges and opportunities associated with managing 

heterogeneous big data in modern organizations. Heterogeneous big data consists of 

a combination of various data types, in different formats, from different sources, 

which poses challenges in analyzing and integrating such data. The paper suggests 

two approaches for heterogeneous big data integration: data warehousing and data 

federation. It also points out relevant data attributes such as velocity, volume, 

veracity, variety, and value and cites examples of the heterogeneity of data sources 

such as sensor data, social media, and healthcare information. It thoroughly analyzes 

the integration approaches mentioned earlier. This survey paper provides an 

investigation into the management of varied big data. It offers insights into the 

complexities and possibilities that come with handling heterogeneous big data. It is a 

resource for researchers, professionals, and decision-makers who wish to understand 

and make the most of the challenges and opportunities presented by managing 

heterogeneous big data, for informed decision-making and achieving business 

success. 
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