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Abstract

Big Data wave has led to a rapid increase in the amount of data being collected by organizations. While the accuracy and reliability
of prediction models are often prioritized, the quality of the collected data is frequently overlooked. Poor data quality can result in
the common problem of ‘garbage in, garbage out’. Traditional measures of data quality, such as accuracy, consistency,
completeness, and timeliness, are no longer adequate in the era of Big Data. Therefore, this paper proposes a taxonomy of data
quality dimensions specifically for Big Data, addressing emerging challenges by formulating 20 dimensions and categorizing them
into four distinct categories.
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1. Introduction

Big Data revolution has brought a significant change in the way organizations handle and analyze data, making
data a crucial component in decision-making processes. However, poor data quality, resulting from errors,
inconsistencies, and inaccuracies, commonly known as "dirty data,”" is a major threat to data quality, leading to
incorrect decisions with significant consequences. Data quality has become a crucial issue in data management as data
is available from various sources and in various formats [1].

With the rapid growth of big data, deriving high-quality data from it is critical for making informed decisions,
optimizing operations, and delivering superior customer service [2]. Data quality refers to the degree to which data
meets the needs and requirements of a business or organization. It is determined by factors such as the nature and scale
of the organization, its processes and procedures, and the specific ways in which data is used. Effective data quality
management is crucial as even minor errors can lead to revenue loss, inefficiencies in processes, and non-compliance
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with industry and government regulations [3]. Data quality represents the standard to which the information is fit for
usage in the required business processes. It can be defined, measured, and managed through several data quality
metrics, such as completeness, conformity, consistency, and accuracy. Data quality is not about how cleansed the data
is, but it has become a critical issue because it involves operational processes and is perceived as the greatest challenge
in data management [4].

In the context of Big Data, the complexity of the data quality algorithm increases due to the five V’s of Big Data
(Volume, Velocity, Variety, Value and Veracity) [5]. Additionally, the assessment of data quality in Big Data
environment requires a distinct approach, as traditional evaluation models are not suitable [6]. Data quality has gained
considerable attention in the Big Data era due to its complexity and the need for well-defined, lightweight measurement
processes that can operate in tandem with each phase [7]. A recent report by O'Reilly has shown that data quality may
deteriorate before it improves, highlighting the importance of managing data quality issues for organizations to make
informed decisions using data analytics[8].

Due to the critical role of data in organizational decision-making processes, it is imperative that the data used is of
the highest quality [9]. Therefore, evaluating data quality and ensuring high veracity of data is the utmost importance.
To address this issue, a review was conducted with the research question: "What are the best data quality dimensions
for Big Data?" The objective was to identify existing data quality dimensions specific to Big Data, as they serve as a
foundation for assessing data veracity. The paper is organized as follows; The challenges related to data quality are
presented in Section 2, followed by an explanation of the existing data quality dimensions in Section 3. Section 4
presents the results of the study on the importance of accuracy, completeness, consistency, and timeliness as factors
for data quality assessment. In Section 5, a taxonomy of data quality dimensions for Big Data is proposed. Lastly,
Section 6 provides the conclusion and outlines the future direction of this research.

2. Data Quality Challenges

As data becomes more voluminous and varied in the Big Data era, resolving one data quality issue can lead to the
emergence of a new one [10]. Evaluating data quality in this context can be challenging due to the multiple
characteristics of Big Data, including its variability, velocity, and volatility. To properly assess and manage the quality
of Big Data, it is essential to consider the five V's of Big Data, which are the massive volume of data, the fast velocity
of arriving data, and the variety of heterogeneous data [11]. These characteristics can have a significant impact on the
quality of the dataset, making it essential to employ effective quality management techniques.

The use of poor quality data can lead to biases and misuse of predictive models. Data quality plays a critical role
in predictive models, and multisite distributed research networks face unique data quality challenges that can
negatively impact machine learning and predictive modeling [12]. Machine learning research has often prioritized
algorithm development over data collection and quality, leading to complaints that research institutions allocate a
disproportionate amount of effort towards algorithms [13]. However, it is important to allocate sufficient resources to
data preparation and quality to avoid biases and ensure robustness and accuracy in inference pipelines.

Besides, the enormous volume of data makes it difficult to assess data quality within a reasonable period [14,15],
and collecting data from various resources increases the challenge of achieving high quality data [16]. Inconsistent,
incomplete, and noisy data have a negative impact on variety of data types that need to be addressed when dealing
with data quality [17,18]. The process to identify and filter low-quality data is challenging due to the variety of data
types and format [15]. Furthermore, the presence of semi-structured or unstructured data makes correlating
unstructured data difficult [14].

One of the most significant problems in data quality is its rapid degeneration over time [19,20]. Experts indicate
that customer files typically experience a two percent of record obsolescence rate in a month due to various factor
such as death, divorce, marriage, and relocation [20,21]. Therefore, timeliness is critical in applications where real-
time responses are required, and the processing technology need to meet higher requirements to handle rapidly
changing data [14,15].

In addition, the use of IoT devices and blockchain technology in food supply chains aims to ensure product
authenticity, but challenges related to data integrity, quality, and interoperability arise due to the dynamic nature of
the physical environment [22]. However, the integration of these technologies does not fully address the issue of data
quality, as data stored on a blockchain may not be reliable. This has led to concerns about food fraud in the case of
Australia's beef export to China, which could negatively impact the country's brand reputation and market value. Thus,
there is a need for effective solutions to ensure data accuracy and reliability in the supply chain.
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To ensure high quality and veracity of the data, the organisations need to develop a taxonomy or guidelines for
measuring Big Data. These guidelines provide a framework for evaluating Big Data quality, enabling organizations
to make informed decisions based on accurate data.

3. Existing Data Quality Dimensions

Data quality dimension is important to measure the quality of the data. Four main critical dimensions are commonly
used to measure data quality, which are accuracy, consistency, completeness, and timeliness.

Accuracy

Accuracy is one of the essential criteria that identifies whether the data is free from common errors, such as
misspelling and typos. The data is considered accurate when it corresponds to the real world [23], it reflects the true
state of information and the information collected does not create uncertainty [15]. Accuracy is related to the context
of the data. Sometimes it can be easily evaluated if it just has two distinct values: male and female (e.g: for gender).
However, if there is no reference value, it might be difficult to assess the accuracy.

Consistency

Meanwhile, consistency refers to the violation of semantic rules defined over a set of rules defined in the system
[5,24,25]. It is a measure of information equivalency where after the data have been processed, the concept, value
domains, and formats still match even before data processing [15]. Consistency can be divided into two dimensions:
structural and semantic [26]. Structural consistency describes the structure value in the data, while semantic
consistency refers to the rule that explains the relationship between the fields in the dataset.

Completeness

Another important dimension to measure data quality is completeness. Completeness refers to the degree of
information to describe a significant state of the represented real world [25]. It is usually expressed as a percentage of
the raw data volume relative to the required data volume [5,27]. It is a quantitative metric for evaluating how many
reliable analytical data can be derived from the dataset [11] and it is achieved when all the components that influence
data accuracy and integrity are present [15].

Timeliness

Data is being processed in real-time and near real-time. Since data is collected every second and the changes happen
quickly, thus timeliness is crucial. Timeliness consists of currency and volatility [28,29]; currency is a measure of its
validity in the system or to the real world, and volatility is related to the frequency of data change. It refers to whether
data is delivered on time, is modified regularly, and the timeframe between data collection and processing meets the
criteria [15]. In contrast, some researchers argued that timeliness should be measured as part of the data quality
dimension because it does not expose the relevancy of the data [30].

Data quality dimensions need to be revised to accommodate the five V’s of Big Data [31]. It should be able to deal
with a large amount of data (volume) coming from various resources (variety) and accommodate the dynamic aspects
of data (velocity). Besides, the data should be assessable and accurate (veracity), so that it can be used for decision-
making and monetary aspect (value). Moreover, the data quality dimensions are dependable to the context of use, thus
no agreed standard set of dimensions that can contribute to high data quality can be defined [32].

4, Is measuring data quality in Big Data using accuracy, consistency, completeness, and timeliness still
relevant?

Effective management of data quality requires a combination of people, technology, and processes to ensure
compliance and consistency. The quality of data can be described, measured, and managed through various attributes
such as accuracy, consistency, completeness and timeliness. Table 1 presents data quality dimension discussed by
other researchers.
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Table 1: Main data quality dimension discussed by other researchers.

Accurac Consistenc Completenes

Author y v S Timeliness Other DQ Dimension
v v v v
Ona}{ez[ig)g]r ot Latency, Response, Throughput, Capacity, Scalability
i v v v
Ab;ilell[z;c:.]n et Freshness, Reputation, Credibility, Value Added
Kulkarni [35] v v v v Believability, Relevance, Validity, Verifiability,
Schelter et al. v v v v Currency, Volatility, Interpretability, Accessibility,
[29] Maintainability, Uniqueness, Reliability, Applicability
v v v v i idi ienti ili i
Li et al. [36] lntegrlty,' Va'hdlty, Scientifically, Stability, Sharing,
Standardisation,
Ehrlinger and 4 v . o o L
WoB [37] Correctness, Pertinence, Normalization, Readability, Minimalist
Taleb et al. v v v
[23]
v
Zh?;;]t al. Correctness, Compatibility
v v v v
Arda[g;l ;] etal. Distinctness, Precision, Volume
v v v
Fran[czcl]e tal Redundancy, Readability, Accessibility, Trust, Usefulness
Xiaojiang et .
al. [40] Currency, Trustworthiness
Radhakrishna v v v v Currency, measurement rate, appropriate amount of data,
n and Das interpretability, representational consistency, availability,
[41] security, licensing
Marotta and v v
Vaisman [42]
Yaetal. [43] v v v Authenticity, Integrity, Standardization, Understandability,
’ Traceability, Accessibility, Security
v v v v
KugEZZT tal. Resolution, Redundancy
Talha et al. v v v

[45] Trust, Reputation

From Table 1, most of the papers agreed that the four critical dimensions are needed to measure data quality.
However, three out of 16 papers excluded their discussion of data quality dimension. Since Ehrlinger and W68 [37]
focused on the schema quality, only correctness is included as part of the data quality dimension. On the other hand,
Xiaojiang et al. [40] only focused on the currency and trustworthiness dimension. However, the authors agreed that
accuracy, completeness, consistency, and timeliness are important dimensions to measure data quality. Talha et al.
[45] outlined four dimensions under accuracy criteria which are consistency, timeliness, and reputation. These four
criteria are used to indicate the accuracy of the reference data.

Out of 16 papers, seven papers excluded timeliness as their data quality dimension. Abdellaoui et al. [34] excluded

timeliness as the data quality dimension but added freshness as part of the main data quality dimension whereby
freshness refers to how old the data is. Franco et al. [24] and Marotta and Vaisman [43] also referred to timeliness as
freshness in the paper, but the authors did not discuss the details on this data quality dimension.
Taleb et al. [23] stated that velocity is an additional quality characteristic, which refers to the high-speed generation
of large volumes of data. Thus, there is a need to consider additional quality parameters, including timeliness, in
evaluating the quality of data. Since the authors only included some popular data quality dimensions commonly cited,
thus only accuracy, consistency, and completeness were included.

Despite arguments on the data quality dimension, four main data quality dimensions: accuracy, completeness,
consistency, and timeliness are important in order to measure the data quality. However, these four dimensions are no
longer enough as most of the existing research proposed new data quality dimensions to measure the data quality.
Therefore, these data quality dimensions will be analyzed to see the needs and importance of it to be included as data
quality dimension for Big Data.
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5. Data Quality Dimensions for Big Data
Table 2: Taxonomy of data quality dimension.

Data Quality Categories Data Quality Dimension Definition

Accessibility Accessibility Ease of access and retrieve the data
Availability Data is accessible and ready to use
Security Protect data from unauthorize access

Contextual Appropriate Amount of Data Quantity of data aligned with intended purpose
Currency Freshness of the data
Relevance Data is directly applicable and meaningful
Validity Accuracy of data in representing the intended concept
Value Added Additional insight derived from data
Volatility Frequency of data being updated
Completeness Data contains all necessary elements
Timeliness Data is usable within desired timeframe

Intrinsic Correctness Correspond to the real-world
Redundancy No duplicated data within the dataset
Reputation Reflecting level of confidence of the sources
Trust Degree of confidence on data
Accuracy Correctness in representing real-world

Representational Interpretability Ease of understanding the meaning of data
Readability Readability of data presentation
Understandability User can understand the meaning of the data representation
Consistent Uniform data across different resources

From the review, 20 data quality dimensions will be grouped into four categories, which are intrinsic, contextual,
accessibility, and representational. These categories are important to provide the guideline to an organisation in
choosing which dimension is needed to measure the quality of the data. The categorisation of the data quality
dimension is done based on the existing literature. Table 2 shows the taxonomy of data quality dimensions.

The intrinsic category expresses the natural quality of data and can be measured with some reference [46]. It is an
objective view of data quality [26] and denotes that the data have quality in their own right [47]. The data quality
dimensions that consider as intrinsic are accuracy, reputation, redundancy, correctness, believability, and trust.
Reputation is a subjective metric that reflects public opinion regarding the data reliability of the information source.
Meanwhile, redundancy refers to minimal use of the information source and every part of the data is represented only
once. Data is considered correct if it corresponds to the real world concerning the domain. Since believability is
referring to the trustworthiness of the dataset, this data quality dimension is excluded and only trust is being
considered. Trust reflects the reliability and trustworthiness of the dataset.

The contextual category is associated with the data value, while the intrinsic dimension refers to the objective and
native data attributes [14,29]. It considers the quality of the data within the context and is based on the preference of
the user [46,48,49]. This category illustrates the concept of data quality is a factor of the task at hand [47,50]. It
consists of seven quality dimensions which are: timeliness, relevance, currency, volatility, value added, validity, and
appropriate amount of data.

Next, accessibility, availability and security are grouped as part of accessibility categories. Accessibility category
refers to dimensions that define how conveniently data can be accessed by the users [46,47,50]. The information must
be readily available and editable with the organisation’s information system [51]. Accessibility and availability are
intended to measure the ability to access the information within a specific timeframe.
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The final category is the representational category. It refers to dimensions that are related to the format and context
of the data [46—48]. It evaluates the representational capabilities of the system [52] and emphasises the role of the
system [49]. It can be measured using four dimensions which are consistent, understandability, readability, and
interpretability. Interpretability refers to the representation of the data in appropriate languages, symbols and units and
the definitions are clear. Readability means that the information presented must also be concise, such as the use of a
word from the dictionary.

Data quality is essential to determine the reliability and veracity of the data. The concept of data quality dimension
lies at the core of data quality management. It can be conceived as a method for evaluating data quality. Ardagna et
al. [39] emphasized that data quality dimensions are tightly coupled with the specific application or domain, implying
that different contexts may require different dimensions to address their unique requirements. For example, Xiaojiang
et al. [4] claimed that dimensions like currency and trustworthiness are crucial to maintain the relevance of information
and prevent potential financial loss or misinformation. The data quality requirements specified or required by the
various stakeholders involved in the execution of business processes are represented by these data quality dimensions.
The importance of specific dimensions can vary based on the intended use of the data, with accuracy and integrity
being more critical for social media sentiment analysis and accuracy and completeness being important for power
consumption and sensor-based data.

Overall, the proposed taxonomy of data quality dimensions provides a framework for assessing data quality that
goes beyond the traditional metrics of accuracy, completeness, consistency, and timeliness. Besides, it is important
for organizations to consider the specific use cases of their data and choose appropriate data quality dimensions to
ensure high-quality data.

6. CONCLUSION

In conclusion, the emergence of Big Data has revolutionized the way organizations manage and analyze data, with
heavy reliance on data for informed decision-making. However, the issue of data quality remains a significant
challenge for organizations, with dirty data leading to incorrect decisions and negative consequences. This paper
presented a taxonomy of data quality dimension Big Data. This review identifies whether critical dimensions for data
quality; accuracy, consistency, completeness, and timeliness are still relevant as data quality measure. In order to
develop a standard or guideline for Big Data quality, the criteria of Big Data must be considered, especially the veracity
of the data. Future research should focus on identifying suitable metrics for each dimension to guide organizations in
evaluating and improving their data quality. By addressing data quality issues, organizations can enhance their
decision-making processes, improve business outcomes, and gain a competitive advantage in today's data-driven
world.
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