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Abstract— The fitness of the systems which are using Machine 

Learning (ML) model depends on the quality of the data. 

Specifications of a good-quality data set have traditionally been 
defined by the needs of the data users—typically analysts and 

engineers. Using a review of recent literature, at the intersection of 

ML, data management and human-computer intervention , data 

management plays a major role. The data quality should be according 
to the need of the stakeholder, software developer or organization. We 

therefore propose a new treatment of data quality by structuring them 

into two dimensions (1) the stage of ML life cycle where use cases 

occur (2)main category of data quality that can be pursued(intrinsic, 
contextual, representational and accessibility). To illustrate this works, 

we contribute a temporal mapping of the various data quality 

requirements that are important at different stages of the ML data 

pipeline. We also share some implications for data practitioners and 
organizations that wish to enhance their data management routines in 

preparation for ML model. 
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I. INTRODUCTION 

In today’s world, voluminous amount of data is being 

produced that gets used by Artificial Intelligence(AI) systems. 

In the field of ML, which relies on the use of data to classify 

or detect patterns in existing information as well as using past 

data to train algorithms to solve new task. Our article focuses 

on the latter subset of ML, which is growing in popularity in 

systems to predict probable outcomes based on certain inputs, 

or to make recommendations about which decisions would be 

optimal in a given scenario. These systems work with 

structured as well as unstructured data (e.g., text, images, audio) 

to address practical use cases in fields such as clinical 

diagnosis, criminal justice, financial lending, manufacture and 

autonomous vehicles, among others. In the remainder of this 

article, we will refer to ML systems as software systems in 

which ML models or algorithms are deployed, typically for the 

purposes of solving a problem in the real world. Poor- quality 

datasets and data science pipelines can compromise ML 

systems in several ways. Messy or inaccurate data can also 

disturb the operational efficiency of businesses, with estimates 

of 10% to 30% of revenue being spent on resolving data quality 

issues [1]. The importance of data quality is therefore 

increasingly being recognised by private and public 

stakeholders who want to mitigate social risks, reduce costs 

and support the effective assimilation of ML technologies in 

society. Our article aims to help data practitioners to navigate 

these challenges by distilling some of the key concepts from 

recent literature in the fields of ML, data management and 

Human-Computer Interaction (HCI). Our contributions 

include the following: 

An overview of some of the key data quality requirements 

that matter in ML systems. 

An illustration of how these requirements map onto 

traditional data quality criteria. 

A structure for identifying the most salient data quality 

requirements depending on the stage of the ML lifecycle where 

the data use case occurs. 

II. RELATED WORK 

Training data for ML algorithms can be collected in a variety 

of ways. In their comprehensive survey of data collection 

methods for ML, Roh et al. [2] group these into three 

categories: (1) data acquisition (including discovery, 

augmentation and generation), (2) data labelling (using manual 

or semi-supervised approaches) and (3) improvement (cleaning 

the data itself or improving the model built upon it). The extent 

to which these data collection methods are used varies 

depending on the use case and the type of data upon which an 

ML system relies. In larger organisations and complex 

innovation ecosystems, the data may pass through multiple 

stakeholders and can be transformed in various ways before it 

reaches an ML practitioner or their resultant product. Because 

of this, the topic of data quality is beginning to transcend 

beyond the field of data management, which accommodates 

holistic considerations such as how people search for relevant 

datasets [3], how developers perceive data work [4] and the best 

ways of using crowdsourcing to generate, evaluate or label data 

[5]. Although the role of these dynamic processes and multi-

stakeholder configurations is increasingly being recognised by 

data practitioners, it is less clear how traditional data quality 

frameworks and notions of data accountability are adapting to 

ML development pipelines [6]. 

 

2.1 Data Quality Means Meeting the Needs of Different 

Users 

Traditionally, Data quality compliance has meant meeting the 

needs of immediate data user (analyst or engineers) who value 
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clean machine readable data. This singular focus can flatten the 

variety of uses and data quality requirements that are faced at 

various stages of ML development pipeline. For example, data 

quality aspects that are important to ML developers are likely 

to be different from software developers and organisation. 

Software developers may have their own preferences for 

specific data quality aspects like security, provenance, legal 

compliance and capacity to meet business goal in real world. 

Data quality specification include list of 60 dimensions created 

by Black and Van Nederpelt [7] includes qualities related to 

data accuracy, coverage, legal compliance and usability. 

2.2 Four dimensions of Data Quality 

2.2.1 Intrinsic data quality has traditionally been 

understood to reflect the extent to which data values conform 

to the actual or true values [8]; this includes specific 

requirements such as accuracy, provenance and cleanliness, the 

latter of which covers practices such as the addressing missing 

values and redundant cases. Besides the usual data qualities 

needed for statistical analysis (e.g., addressing missing data, 

anomalies), an intrinsic quality that is increasingly valued by 

ML practitioners and regulators relates to data lineage and 

traceability. For data that require multiple pre-processing steps 

or transactions between organisations, the origins of their 

features becomes important. Traceability makes it possible to 

interpret and audit the history that precedes the output of ML 

algorithms [9], but despite recent regulations on Explainable AI 

(XAI), traceability is not yet shortlisted in the data quality 

framework used by the UK government suggesting that this data 

quality characteristic may need to be promoted in the context 

of ML. 

 

2.2.2 Contextual data quality 

It relates to the extent to which data are pertinent to the 

task of data user. It includes dimensions such as relevance, 

timeliness, completeness and appropriateness. An essential 

questions that is considered here is the extent to which the 

sample of cases contained in the dataset diverges from true 

distribution of cases. When ML model is deployed. Possible 

sources divergence includes historical time or geographical 

representation. For example temporality has been flagged as a 

potential source of difficulty in textual data, where models 

trained on historical text corpora such as Google News have 

produced past social stereotypes like for example, the word 

‘man’ being associated with computer programmer and 

‘woman’ with homemaker. If this biases are further allowed 

then it will amplify the bias and continue in society. Other 

contextual biases has been detected in image data with publicly 

available image corpora such as ImageNet and Open Images 

that comes from Eurocentric contexts. Insufficient 

representation of some geographic reasons such as Asia & 

Africa has resulted in less information learned by ML 

algorithms. This results in solutions that performs poorly for 

under-represented groups. Example electronic soap dispenser 

does not respond to darker skin. These cases urge practitioners 

to think critically about the contexts captured by their dataset 

and extent to which it reflects the use cases and experiences of 

end users. 

 

2.2.3 Representational Data Quality 

It refers to the degree to which data are represented should 

be clear which should include aspects like being interpretable 

and easy to comprehend. These aspects can be implemented by 

practices like standardisation and documentation. 

Standardisation refers to method for capturing information in a 

consistent manner including data structures and formats for 

capturing specific attributes (eg. Date, location, measurement 

error). This helps engineers to understand how dataset is 

correlated to physical world so that the training data or model 

output can be transformed accordingly. When the limitation of 

dataset is explicitly mentioned in the document, the users take 

measures to improve the quality of dataset for their specific use 

cases. Some solution even allows for dataset to remain same 

while ML algorithm are tuned to produce more robust or 

socially equitable results. 

 

2.2.4 Accessibility 

It refers to the degree to which data are available and 

secure. The advancement of big data & ML application has 

allowed publishing of dataset in an open manner. But there are 

some restricted dataset which can be accessed by some secure 

access mechanism, so that their value can be realised . For ML 

stakeholder who work with commercially sensitive data face 

issues related to security and take legal precautions 

 

2.3 Why Knowledge of Desirable Data Quality Practices is 

important 

In ML, finding out required data quality is a complex task. 

Organisation and practitioners have to specify which data 

quality attributes are required for the use cases and how to 

define them. In a study of organisation that was applied to 

ISO/IEC 25012 data quality standard, Gualo et. al[10] found 

that researchers find it difficult to identify and describe the data 

quality rules that are applied to their use cases. The practitioners 

found that providing examples of what the requirement can 

look like helps to guide them in clarifying their own rule. 

Another challenge is that the list of requirement is very 

lengthy, so there is information overload. Therefore, 

practitioners cannot apply traditional standards. The above two 

challenges occur at the beginning stage of planning and it is a 

complex task to define which data qualities to evaluate. 

Without planning, it becomes difficult to develop the right 

quality rules and right tools to enforce them. 

 

2.4 Data Quality Planning precedes Implementation 

Our aim is to support ML practioners and data managers at 

the planning stage of their data quality speculation. By focusing 

on the requirements that thrives, practitioners are in 

advantageous position to select the appropriate and meaningful 

data quality control, assurance and improvement steps for their 

use cases. Our aim in this article is to inform the practioners of 

data quality need and practices that exist that 
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are meaningful in the field of ML. This will be done by using 

recent academic literature and grasping the suggestion 

according to the aspect of data quality that are present in the 

field of data management. Secondly to help readers in selecting 

a smaller set of data quality practices that may be applied to 

uses cases. In doing so, it becomes easier for organisation and 

individuals to prepare data management routine for ML. 

 

3 METHODOLOGY 

 

Our literature review was conducted using a systematic 

mapping protocol [54] to select a small set of relevant articles 

from the much larger collection of literature emerging at the 

intersection of data quality and ML. In the following, we present 

the research questions, inclusion criteria and search strategy 

that were used to select articles for review. 

3.1 Research Questions 

Our review aimed to identify and discuss the data quality 

requirements that are important to ML development, and how 

they differ from more established data management practices. 

For this purpose, we defined the following research questions: 

• Where do the data quality requirements of ML sit in 

relation to traditional data quality frame- works from data and 

information management? 

•Does ML present any new challenges that are not yet 

accommodated by traditional data quality frameworks? 

The preceding questions deal with data quality management 

planning as opposed to implemen- tation. This is a distinction 

that has previously been recognised in industry standards such 

as ISO 8000-61, as depicted in Figure 1. 
 

 

Fig. 1. Data quality management process 

 

3.2 Selection Criteria 

Our interest in data quality planning (as distinct from 

implementation) helped to limit the scope of our literature 

review and make the topic small enough to be discussed in a 

single paper. Specifically, our targeted articles dealt with 

philosophical or experiential perspectives on data quality 

frameworks, as opposed to articles that evaluated specific data 

management techniques or pro- posed new solutions for 

managing data quality. Our inclusion criteria were as follows: 

• The abstract of the paper must discuss conceptual frameworks 

for defining data quality re- quirements in relation to ML, or 

experiences of how these requirements have been defined in 

practice. 

• The paper was published between 2015 and 2022, to provide 

a contemporary overview. 

• The paper is peer reviewed and published in a journal, 

conference or workshop. 

• The paper may come in the form of a full-length article, 

extended abstract or workshop description. 

Our exclusion criteria were as follows: 

• The abstract of the paper focuses only on techniques for data 

quality processing, assurance or improvement rather than 

conceptual frameworks for defining the data quality 

requirements. 

 

• The abstract of the paper only considers the data quality 

requirements of a specific industry that uses ML (e.g., 

healthcare, finance, materials science). 

• The paper does not contain information about the publisher. 

• The paper is an early iteration of a later work (e.g., if a similar 

workshop was delivered by the same authors multiple times, we 

selected only the latest version). 

3.3 Search Strategy 

Our literature search strategy consisted of three stages: (1) pre-

selected articles that were already known to us, (2) automatic 

search on Google Scholar and selected conference proceedings, 

and 

(3) forward and backward snowballing to identify further 

articles. 

 

4.RESULTS 

[22] proposed a sequence of nine stages that constitute the task 

of knowledge discovery in datasets.8 The authors suggested 

that the process typically begins with developing an 

understanding of the application domain and use case, followed 

by data collection, pre-processing and reduction, before 

moving on to identifying and applying relevant data mining 

methods, as well as interpreting and acting on their insights. 

Although the authors recognised that knowledge discovery 

workflows also include challenges related to data accessibility, 

HCI and model scaling, their pipeline focused on the granular 

steps contained within data mining. A similar focus on data is 

adopted by the upcoming industry standard ISO/IEC 5259, 

whose provisional data processing framework is illustrated in 

the upper part of Figure 3 [11].Recent academic discussions of 

the ML pipeline have been more detailed in separating out the 

different stages undergone by ML data. Specifically, they 

explore model development, verification, deployment and 

monitoring, which pose different requirements in terms of 

organisational and operational considerations [12, 13]. 

For the purposes of this article, we organise our findings into a 

series of stages listed in the first column of Table 3. 
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Fig. 3. An illustration of how our data quality pipeline (lower) maps to the data processing framework used in ISO/IEC 5259 (upper 

part). Diagram adapted from Chang [18] 
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6 CONCLUSION 

Shifting data practices from current priorities driven by 

availability or convenience towards high- quality data will 

require the effort of decision makers and practitioners at every 

level of organi- sations and policy. It is our hope to have 

contributed a useful vocabulary for perceiving and ar- ticulating 

some of the nuanced data quality requirements that can be 

resolved by practitioners in different parts of the ML pipeline 
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