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Abstract 

Data quality is essential for effective predictive analytics and operational efficiency in e-

commerce. This study investigates the quality of product attribute data such as size, colour, 

style, and gender classification within an online retail environment, where inaccurate or 

incomplete attributes can disrupt decision-making, inventory management, and customer 

experience.  

 

The research aims to (1) identify relevant data quality dimensions for assessing product 

attributes, (2) explore tools and techniques for data profiling, (3) examine the operational 

impact of inferior data, (4) understand how product attribute data informs business decisions, 

and (5) propose actionable metrics to improve data quality. 

 

Guided by a pragmatic research philosophy, a mixed-methods case study approach was 

employed. Quantitative analysis evaluated the completeness, consistency, and accuracy of 

product attribute data from a major e-commerce retailer, while qualitative insights were 

gathered through semi-structured interviews with key stakeholders, including procurers and 

retail analysts. Ethical procedures such as informed consent and data confidentiality were 

rigorously maintained. 

 

The findings reveal significant variation in data quality across attributes. High-governance 

attributes such as shoe size and jean style achieved near-perfect accuracy and completeness 

(99%–100%), whereas others including gender classification (66% completeness) and clothing 

size symbols (92% accuracy) exhibited substantial gaps.  

 

Qualitative evidence confirmed that inconsistent supplier inputs, manual data corrections, and 

limited automation are major contributors to poor data quality. These deficiencies result in 

operational inefficiencies, reduced product discoverability, inaccurate demand forecasting, 

higher return rates, and diminished customer trust. 

 

By drawing on frameworks such as Total Data Quality Management (TDQM) and Master Data 

Management (MDM), the study recommends enhanced automation, standardised attribute 

guidelines, and improved supplier collaboration to strengthen data governance. Overall, the 

research demonstrates that robust product attribute data quality is not merely a technical 
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requirement but a strategic imperative for competitiveness in digital retail. 

 

Keywords: data quality, product attributes, online shopping, data profiling, e-commerce, data 

governance, data accuracy 
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Terms and Definitions 

Term Definition 

Data Quality The measure of data's fitness for use in terms of accuracy, 

completeness, consistency, and relevance (Wang et al., 2024). 

Product Attributes Characteristics of a product, such as size, colour, weight, style, and 

gender, used for classification and analysis (Das and Tripathy, 2016; 

Dubihlela and Ngxukumeshe, 2016; Mirza et al., 2021). 

Data Profiling The process of examining data to identify patterns, inconsistencies, or 

anomalies to assess its quality (Shivaprasad, 2024). 

Completeness The extent to which all required data elements are present and 

adequately populated (Sidi et al., 2012; Miller et al., 2024a). 

Consistency The degree to which data is uniform and adheres to predefined formats 

and rules across datasets (Sidi et al., 2012; Miller et al., 2024a). 

Accuracy The closeness of data values to the true values or real-world entities 

they represent (Sidi et al., 2012; Miller et al., 2024a). 

Master Data Management (MDM) A framework for managing and governing critical data to ensure 

consistency and accuracy across an organization (Hikmawati et al., 

2021). 

Pragmatism An approach that focuses on practical solutions to research problems, 

allowing the use of both qualitative and quantitative methods based 

on what best addresses the research question (John W. Creswell, 

2014). 

Deductive Research A research approach that starts with a theory or hypothesis and tests it 

against observations and data (Bingham, 2023). 

Triangulation The use of multiple methods or data sources to validate findings and 

enhance reliability (Bingham, 2023). 

Semi-Structured Interviews A qualitative data collection method that combines open-ended and 

predefined questions for in-depth exploration (Babbie, 2010). 

Quantitative Analysis The use of numerical data and statistical methods to analyse patterns 

and test hypotheses (Nowell et al., 2017). 

Thematic Analysis A method of analysing qualitative data by identifying and interpreting 

recurring themes or patterns (Nowell et al., 2017). 

E-Commerce The buying and selling of goods or services online through digital 

platforms (Niemir and Mrugalska, 2021). 

Case Study A research strategy involving an in-depth exploration of a specific 

context or phenomenon within its real-life setting (Babbie, 2010). 
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1 Introduction and background 

Data form the foundation of modern digital ecosystems. The term “data” originates from the 

Latin word ‘datum’, meaning "something given" (Wolski & Gomolińska, 2020). It refers to 

raw, unprocessed elements such as facts, numbers, or symbols collected from various sources 

for analysis, interpretation, and decision-making (Remenyi & Griffiths, 2022). Data exist in 

diverse forms, including structured formats, such as tabular datasets, and unstructured forms, 

such as text or multimedia (Zins, 2007). With the advent of digital technologies, data is 

predominantly stored electronically, enabling its manipulation, sharing, and application across 

digital platforms (Khong et al., 2023) 

 

Historically, data has evolved significantly, from the early logbooks of Ancient Egypt and the 

censuses of the Roman Empire, to the vast repositories managed through modern computing 

and cloud technologies (Qi et al., 2020). Retail data have similarly transformed, encompassing 

everything from customer interactions (e.g., search keywords, click-through rates, and 

purchases) to supply chain activities such as procurement records, shipment tracking, and 

inventory management. Its utility spans various domains and serves as the foundation for 

analysis, modelling, and decision-making (Moesmann & Pedersen, 2024). 

 

In the digital age, businesses have access to unprecedented data and offer insights that drive 

business decisions and operational efficiency. However, the extent to which these insights can 

be effectively translated depends on the quality and integrity of the data used for the analysis 

(Niemir & Mrugalska, 2022). In retail, one of the key merchandising principles is ensuring that 

the right product is available at the right time and place. This process becomes increasingly 

complex in e-commerce, where product attributes, such as size, colour, and gender, are crucial 

to overall business operations. The absence of universal sizing standards across retailers and 

product categories necessitates analysing and classifying product attributes to improve decision 

making and inventory investments. 

 

The business model and target market of the platform determine the types of products sold to 

consumers. Online retailers specialise in various merchandising categories, including clothing, 

consumables, and footwear, which have distinct attributes. Procurers use these attributes to 

determine which product variances, such as colour and size, are in line with consumer demand 

(Akter & Wamba, 2016). 
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Product attributes enable data users–such as procurers and analysts–to forecast, plan, order, 

and advertise products based on inventory variation and what consumers have purchased in the 

past (Szukits & Móricz, 2024). Given that decisions are data-driven, it is recommended that 

product attributes are assessed for quality before being used for decision-making (Božić et al., 

2024). This study examines attributes in isolation to generate sales and market share and ensure 

the overall quality of product attribute data, which directly impacts e-commerce performance. 

 

Product attribute data is particularly important in the retail sector, with attributes such as size, 

colour, brand, and availability directly influencing inventory planning, product assortment, and 

customer satisfaction.  However, inconsistencies or inaccuracies in these data can lead to 

inventory mismanagement, understocking, or overstocking, ultimately affecting profitability 

and operational efficiency. For instance, a lack of standardised size attributes across different 

suppliers can result in miscommunication, poor product fit, and dissatisfied customers. 

Furthermore, the operational and customer interaction differences between e-commerce and 

traditional retail highlight their distinct natures (Weber et al., 2009).  

 

While traditional retail involves physical interactions with products before purchase, e-

commerce relies entirely on digital product descriptions to facilitate transactions. This 

dependence underscores the critical role of product attribute data quality in enabling accurate 

customer decision-making, optimising operational efficiency, and fostering trust in e-

commerce platforms. 

 

Although numerous studies have emphasised the importance of data quality in businesses and 

supply chains (van Schilt et al., 2024), much of the existing research has focused on general 

data quality concepts. There is a notable gap in studies addressing the specific dimensions of 

product attribute data in e-commerce contexts, such as accuracy, completeness, and 

consistency. 

 

E-commerce’s competitive advantage lies in its agility and adaptability to emerging trends (Al-

Zaytoonah et al., 2020; Putra et al., 2022). However, this dynamic environment requires 

developing tools, methods, and frameworks to address its unique challenges. Existing 

frameworks such as Total Data Quality Management (TDQM) are not specifically designed to 

manage the complexities of dynamic, large-scale product attribute data in online retail (Cao, 
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2023). This underscores the need for frameworks to be tailored to the rapidly changing nature 

of e-commerce. 

 

The financial implications of the poor data quality are significant. Research indicates that 

organisations can incur significant losses due to data inaccuracies, with costs arising from 

missed opportunities, incorrect decisions, and loss of customers (Lindström et al., 2023a). 

Despite these risks, many companies remain unaware of the full extent of these costs, often 

owing to a lack of appropriate assessment methods and metrics. 

 

In e-commerce, where consumers rely entirely on digital representations of products, the 

quality of the product attribute data is crucial (Harris et al., 2006). Attributes such as size, 

colour, material, and brand inform consumer purchasing decisions and influence searchability, 

categorisation, and recommendation systems within online platforms (Duong et al., 2016). 

Thus, high-quality product data enhances customer experience and drives sales. 

 

In figure 1 below, the Takealot Men's Fashion category page (Figure 1: Example of The Usage of 

Product Attributes on An Online Store (https://www.takealot.com/fashion/men-32752) illustrates the 

centrality of high-quality product attribute data in e-commerce. This page serves as a digital 

storefront, relying solely on structured product information such as brand, size, colour, price, 

availability, and imagery to facilitate discoverability and guide consumer decisions. 
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Figure 1: Example of The Usage of Product Attributes on An Online Store 

(https://www.takealot.com/fashion/men-32752) 

 

Inaccurate or incomplete product attributes negatively affect consumer experience, trust, and 

sales. Kamariotou and Kitsios (2018) analysed product data on e-commerce platforms and 

highlighted inconsistencies in basic attributes, such as brand name and product image. This 

leads to low product data quality and suggests the need for standardised data practices 

(Kamariotou, Maria; Liaggou, Despoina; Kitsios, 2018). 

 

This study was conducted in the context of a large online shopping business with more than 

250 employees. The academic platforms and research databases consulted included Google 

Scholar, Scopus, ResearchGate, the UWC Library, and Elsevier. A case study approach 

explored and addressed real-world issues associated with online retail data quality. 

 

Case studies are valuable for examining phenomena in specific contexts. These involve 

exploring various data sources and viewing the results through multiple lenses to reveal the 

different facets of a subject. However, case studies often face limitations in generalisability due 

to their focus on a single context (Wright et al., 2023). Additionally, researcher bias can 

influence the data collection and interpretation. 
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Despite these challenges, case studies remain valuable tools for solving practical problems. For 

instance, a German multinational company Beiersdorf case study explored the relationship 

between data quality and business performance by identifying data defects in its ecosystem and 

proposing a set of data quality metrics to monitor and prevent them (Hüner, Schierning and 

Otto, 2011). This study highlights the dimensions of data quality that are relevant to assessing 

and improving operational efficiency. 

 

Thus, effective supply chain management relies on accurate data to maintain the balance 

between supply and demand. Inaccuracies in product attribute data can disrupt forecasting 

models, leading to overstocking or understocking scenarios that impact both financial 

outcomes and customer satisfaction (M Ramakrishna & K V. M. Vara Kumar, 2022). 

Furthermore, poor data quality affects logistical processes such as distribution and inventory 

turnover, which are critical to e-commerce and traditional retail operations. 

 

Data profiling and cleaning tools are essential for addressing data quality challenges. Data 

profiling involves examining the data for inconsistencies, missing values, and anomalies that 

compromise usability (Shivaprasad, 2024). Data cleaning focuses on rectifying these issues to 

ensure that the data are suitable for its intended purpose. Advanced technologies such as 

machine learning and artificial intelligence are increasingly being used to automate these 

processes. 

 

For example, natural language processing (NLP) techniques can analyse product descriptions 

and identify inconsistencies across multiple data sources (Dash, 2022). Similarly, machine 

learning models can also detect patterns of missing or duplicate data in product attributes and 

recommend corrections, thereby improving the quality and reliability of digital product data 

(Koot, Mes and Iacob, 2021). 

 

Additionally, predictive models trained on high-quality product attribute data can forecast 

demand with greater accuracy, enabling more effective inventory management (Puica, 2023). 

This reduces the costs associated with holding excess stock or replenishing shortages, which 

can optimise supply chain efficiency and support customer satisfaction (Gustafsson, Jonsson 

and Holmström, 2021). 

 

This study seeks to bridge the gaps in understanding by focusing on the critical dimensions of 
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product attribute data quality and their impact on supply chain performance. By exploring 

tailored frameworks for e-commerce, this study offers actionable recommendations to improve 

operational efficiency and customer satisfaction. A deeper understanding of how product 

attribute data impacts business performance in dynamic online retail environments could 

contribute to shaping future research and practices. 

 

1.2 Chapter Summary 

 

This chapter introduces the concept of data and its foundational role in modern digital 

ecosystems, tracing its evolution from early historical records to its current digital forms.  

 

It highlights how the exponential growth of e-commerce has elevated the importance of quality 

data, particularly product attribute data, in facilitating accurate decision-making and 

operational efficiency (Lindström et al., 2023). 

 

The chapter outlines the growing complexity of merchandising in online retail environments, 

where the absence of physical interaction with products places greater reliance on accurate 

digital representations.  

 

It also explains how product attribute data supports forecasting, procurement, and promotional 

strategies, and identifies the financial and operational risks posed by poor data quality (Duong 

et al., 2016). Despite the strategic significance of this data, the chapter identifies a gap in 

research that addresses the unique challenges of managing product attribute data quality in e-

commerce, especially in developing markets. 

 

The chapter concludes by justifying the study's relevance, proposing the use of case study 

methodology, and highlighting the role of advanced tools like data profiling and artificial 

intelligence (AI) in enhancing data quality. The goal of the research is to explore critical 

dimensions of product attribute data quality and provide actionable recommendations to 

improve retail performance. 
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1.3 Statement of the Research Problem 

In the dynamic landscape of online retail, product attributes such as size, colour, and gender 

are critical for predicting consumer demand, optimising inventory management, and refining 

marketing strategies (Niemir & Mrugalska, 2022; Cichy & Rass, 2019). Retailers use data-

driven tools like size curves and colourways to guide inventory allocation and purchasing 

decisions. However, the effectiveness of these tools is compromised by poor data quality, 

including inconsistencies, missing values, and inaccuracies in the product attributes (Askham 

et al., 2013; Black & Nederpelt, 2020). 

 

These challenges result in misinformed demand forecasts, inefficient stock planning, and 

higher risk of customer dissatisfaction (Heinrich & Klier, 2009; Hüner, Schierning & Otto, 

2011). Despite the strategic importance of data-driven decision-making in e-commerce, 

systematic assessments of product attribute data quality remain under-researched, particularly 

in developing markets and real-world retail environments (Niemir & Mrugalska, 2022).  

 

This study seeks to define critical data quality dimensions, such as accuracy, completeness, 

and consistency, and to apply data profiling techniques to assess the extent of attribute-related 

data issues in online retail.  

 

Primary Research Question  

How is the quality of product attribute data managed in an online shop, and to what extent is 

the product attribute data utilised? 

 

Research Objectives  

1. Identify relevant data quality dimensions to assess product attribute data 

2. Identify data quality tools for data profiling 

3. Find how inferior data impacts data mining projects 

4. Determine what product attribute data is used for in business 

5. Propose data quality metrics to ensure the quality of product attribute data 
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1.4 Layout of the dissertation 

 

 

 

 

 

 

 

 

 

 

The layout of the chapters in this study is shown in Figure 2. 

 

Chapter 1 introduces the research problem in the context of online retail, specifically focusing 

on the challenges of managing the data quality of product attributes. It highlights the 

significance of product attribute data in e-commerce operations and outlines the research 

objectives of this study, which aim to address the critical dimensions of data quality and 

propose metrics to enhance data governance. 

 

Chapter 2 comprehensively reviews the existing literature on data quality management, 

focusing on e-commerce. It explores the core dimensions of data quality, completeness, 

consistency, and accuracy while discussing relevant frameworks, tools, and methods, such as 

Master Data Management (MDM) systems and data profiling. The chapter also examines the 

business implications of data quality and identifies gaps in the existing research, emphasising 

the need for studies that target product attribute data. 

 

Chapter 3 outlines the research framework and methodology adopted in this study. It details 

the mixed-methods approach used to address the research questions, incorporating qualitative 

insights from semi-structured interviews and the quantitative analysis of product attribute data. 

The chapter details the research design, data collection methods, and analysis techniques, while 

discussing ethical considerations and ensuring adherence to data privacy regulations. 

 

Chapter 4 presents the findings of this study. It evaluates the product attribute data quality in 

an e-commerce context against the dimensions of completeness, consistency, and accuracy. 

The findings are triangulated with insights from stakeholder interviews, highlighting themes 

such as the operational impact of poor data quality, challenges with supplier data 

standardisation, and the potential for automation to enhance data quality management. 
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Chapter 5 discusses the implications of the research findings. It synthesises the results with the 

research objectives and assesses their attainment while addressing the validity and reliability 

of the study. This chapter also addresses the study’s limitations, including its focus on a single 

retailer and the lack of longitudinal analysis, and proposes actionable recommendations for 

practitioners and future research. 

Finally, Chapter 6 concludes the study by summarising its contributions to the field and 

highlighting practical strategies for managing product attribute data quality in e-commerce. 

This chapter offers future research recommendations, including exploring automation tools, 

conducting longitudinal studies, and developing comprehensive data-quality frameworks 

tailored to dynamic online retail environments. 
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2 Literature Review 

2.1 Introduction 

The quality of product attribute data has become a key factor in driving success across three 

major sectors, retail, e-commerce, and supply chain management, by influencing customer 

satisfaction, operational efficiency, and decision-making processes.  

 

This review synthesises the existing literature on data quality dimensions, frameworks, and 

technologies, incorporating insights from retail-specific studies while aligning with the 

research objective of enhancing product attribute data quality within online retail contexts. The 

review integrates the user's research focus by examining how product attributes data quality is 

managed, utilised, and optimised to achieve organisational objectives. 

2.2 Data Quality Dimensions 

Data quality in e-commerce is a multidimensional concept that ensures data integrity, usability, 

and relevance for various stakeholders. Data quality assessment often revolves around the 

dimensions of accuracy, completeness, consistency, timeliness, validity, and uniqueness (Adi 

Wicaksana et al., 2024). These dimensions are fundamental in determining the quality of 

product information and its subsequent impact on customer experience and business operations 

(van Schilt et al., 2024). 

 

Accuracy is a fundamental dimension of data quality assessment that ensures that recorded data 

correctly reflects real-world information. In e-commerce, inaccuracies in product attributes 

such as size, colour, and material can lead to customer dissatisfaction, increased return rates, 

and financial losses (Niemir and Mrugalska, 2022; Božić et al., 2024). Higher accuracy 

improves customer trust and enhances decision-making by providing reliable information for 

analytics and forecasting. 

 

Completeness refers to the presence of all the necessary data elements. Missing attributes, such 

as product dimensions or descriptions, can hinder customer decision-making and disrupt 

operational workflows (Black & Nederpelt, 2020). The completeness of data also plays a 

crucial role in supply chain efficiency because inadequate data on stock levels and supplier 

information can lead to mismanagement and operational disruptions.  
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In addition to accuracy and completeness, consistency is essential to ensure that the data remain 

uniform and reliable across multiple platforms and datasets. Discrepancies in product 

descriptions, pricing, or categorisation across an e-commerce website, mobile applications, and 

third-party marketplaces can create confusion and undermine consumer confidence 

(Timmerman et al., 2023). Maintaining consistency across various digital touchpoints also 

enhances brand reputation and minimises errors in order processing.  

 

Timeliness refers to current and real-time data availability, which is critical in dynamic e-

commerce environments. An outdated product availability status or pricing inconsistencies can 

result in lost sales opportunities and negative consumer experiences (Adebunmi Okechukwu 

Adewusi et al., 2024). Thus, businesses implementing automated data synchronisation 

mechanisms benefit from up-to-date inventory tracking and improved decision-making (Atieh 

et al., 2025) 

 

Validity ensures that data conform to business rules and standards, enhancing its reliability for 

decision-making (Ehrlinger and Wöß, 2022), whereas uniqueness prevents duplication, 

ensuring that entities such as product IDs and SKUs remain distinct and unambiguous (Black 

and Nederpelt, 2020). 

 

Frameworks such as Total Data Quality Management (TDQM) extend these dimensions, 

providing a structured approach to align data quality efforts with organizational goals (Al-

Zaytoonah et al., 2020). 

2.3 Total Data Quality Management (TDQM) 

The Total Data Quality Management (TDQM) framework provides a systematic methodology 

for managing and improving data quality. Developed by Strong, Lee, and Wang (1997), TDQM 

emphasises aligning data management practices with organizational objectives.  

 

Fundamentally, the Total Data Quality Management (TDQM) framework organises data 

quality into four principal categories, each encompassing critical dimensions integral to 

ensuring and sustaining quality data. These categories, intrinsic data quality, accessibility data 

quality, contextual data quality, and representational data quality and their corresponding 

dimensions offer a structured and holistic approach to data quality management. This 

framework facilitates systematic evaluation, enhancement, and data governance across 
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organisational processes (Miller et al., 2025). Understanding these categories and their 

dimensions provides a foundation for evaluating and improving data quality across various 

organisational contexts. 

 

Intrinsic data quality pertains to the fundamental characteristics of data which emphasise 

accuracy and reliability (González-Vidal, Ramallo-González and Skarmeta, 2022). For data to 

be intrinsically high in quality, it must accurately represent real-world values by meeting four 

dimensions; if data are accurate, objective, believable, and from a reputable source, it can be 

considered trustworthy. 

● Accuracy ensures that the data correctly reflects the scenario it represents, preventing 

errors in decision-making(Wang et al., 2024a). 

● Objectivity indicates that data is unbiased and derived from verifiable sources, making 

it reliable for analysis (Muhammad et al., 2024). 

● Believability measures the extent to which data are regarded as credible, while 

reputation reflects the reliability and historical accuracy of the data source.  

These dimensions collectively ensure that data integrity is maintained, allowing businesses to 

confidently make informed decisions (Lindström et al., 2023b). 

 

Accessibility guarantees that the data can be accessed without unnecessary delays or 

restrictions. Thus, accessibility ensures that data are readily available, secure, and easily 

retrievable by authorised users.  Furthermore, access security protects data from unauthorised 

use or breaches, thereby ensuring confidentiality and compliance with data governance policies 

(Miller et al., 2024). By maintaining both accessibility and security, organisations can balance 

usability with data protection, thereby fostering efficiency while safeguarding sensitive 

information. 

 

Contextual data quality focuses on ensuring that data is relevant, complete, and suited to 

specific business use cases. Its usefulness is determined by several factors including timeliness 

and sufficiency. Relevancy determines whether the data are appropriate for a specific analysis 

or decision-making process, which ensures that only pertinent information is utilised.  

 

Value addition evaluates whether data contribute meaningfully to business objectives and 

strategic goals. Timeliness ensures that data is up-to-date and available precisely when 

required, reducing delays and improving responsiveness (Miller et al., 2024b). Completeness 
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assesses whether all necessary data elements are present, thereby preventing gaps that could 

hinder operations (Günther et al., 2019). The amount of data refers to the sufficiency of data 

volume to support decision-making without introducing unnecessary redundancy, striking a 

balance between comprehensiveness and efficiency (Wang et al., 2024). 

 

Representational data quality ensures that data is presented and structured clearly, making it 

interpretable and consistent across various platforms and users (Hussein Al-Mughni, AL-

Malaise AL-Ghamdi and Saleem, 2020). The four primary aspects of representational data 

quality are interpretability, ease of understanding, concise representation, and consistent 

representation. 

 

Interpretability measures how easily different stakeholders can understand and use data 

correctly to minimise misinterpretation. The ease of understanding ensures that data are 

presented in a user-friendly manner, promoting efficiency in analysis and reporting 

(Kameswari et al., 2024). Concise representation prevents excessive or redundant data 

presentation while maintaining informational integrity, thereby ensuring that essential insights 

are effectively communicated. Finally, consistent representation guarantees uniform formatting 

and structure across datasets, reducing ambiguity and confusion in data interpretation (Koot et 

al., 2021). These representational aspects enhance usability, allowing organisations to derive 

maximum value from their data assets. 

 

The Total Data Quality Management (TDQM) framework provides a systematic methodology 

for managing and improving data quality. At the heart of this framework lies a continuous 

improvement cycle, definition, measurement, analysis, and improvement.  

 

These steps guides organisations through the stages of identifying data users, determining 

relevant data quality dimensions, assessing data across these dimensions, diagnosing root 

causes of data issues, and implementing enhancements (Wang et al., 2024b). This iterative 

process is visually illustrated in Figure 3, which highlights the cyclical nature of TDQM and 

its emphasis on continuous quality enhancement. 

 

As shown in Figure 3, the TDQM cycle begins by identifying data users to ensure that quality 

initiatives are user-centred and business-relevant. It then progresses through a structured 

approach that includes defining key data quality dimensions, assessing data performance along 
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these metrics, analysing the root causes of quality issues, and implementing improvements.  

 

This framework facilitates systematic evaluation, enhancement, and governance of data across 

organisational processes (Miller et al., 2025), and underpins the subsequent discussion of 

intrinsic, accessibility, contextual, and representational data quality dimensions. 

 

Figure 3: Data Quality Framework - Total Data Quality Management (Wang et al., 2024b) 

 

TDQM addresses challenges such as fragmented data systems, inconsistent standards, and 

growing data complexity (Wahyudi and Muhammad Isa, 2023). It is particularly valuable in e-

commerce, healthcare, manufacturing, and finance industries (Akram et al., 2021; Rizaldi and 

Madany, 2021).  

 

In e-commerce, TDQM ensures reliable product data across platforms to enhance customer 

satisfaction and inventory management. In healthcare, it improves the accuracy of patient 

records, supporting better clinical outcomes and regulatory adherence (Tumpa and Dey, 2022). 

Manufacturing uses TDQM to standardise product attributes and logistics data, thus 

streamlining the production and supply chain processes. In finance, TDQM ensures data 

integrity to meet regulations, reduce risks and enhance predictive analytics. TDQM facilitates 
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smarter decision-making and operational excellence across diverse industries by aligning data 

practices with organisational goals. 

 

The implementation of TDQM involves a structured, iterative process that starts with defining 

data quality goals aligned with strategic objectives, such as an online retailer aiming for 95% 

accuracy in SKU-level data completeness. This is followed by measuring data quality through 

metrics such as error rates and completeness scores, for example, by assessing the percentage 

of SKUs with missing or incorrect descriptions. The analysis then identifies the root causes of 

certain issues, including inconsistent data entry practices or fragmented sources.  

 

Finally, improvements focus on resolving these issues through methods such as automation, 

staff training, or advanced validation tools such as Master Data Management (MDM) systems 

and AI-based frameworks. This cyclical approach ensures that data quality remains a 

continuous organizational priority, rather than a one-off initiative. 

2.4 Master Data Management (MDM) 

Master Data Management (MDM) centralises and standardises critical data from multiple 

sources, creating a unified and accurate "single source of truth". MDM ensures data integrity 

across business processes by addressing common data issues such as duplication, 

inconsistencies, and missing information (Edel and Sutedja, 2023). It is particularly effective 

in managing product attribute data with multiple industries' applications. 

 

In retail, MDM ensures uniformity of product data across online and offline channels, 

enhancing customer experience and minimising errors (Pansara, 2021). MDM centralises 

supplier and material data in manufacturing, streamlines procurement, and production 

planning. Similarly, MDM consolidates patient records in healthcare to provide a unified view 

of patient history and improve clinical decision-making and compliance. In the energy sector, 

MDM standardises asset data, optimising operations and ensuring regulatory adherence. 

 

The functionality of Master Data Management (MDM) in product attribute management 

includes aggregating data from diverse sources, such as supplier catalogues, ERP systems, and 

marketing databases.This process ensures that attributes like SKUs, dimensions, and 

descriptions conform to predefined standards (Sharma, 2024). MDM also incorporates 

validation and governance mechanisms to flag discrepancies, guaranteeing that only accurate 
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and complete data is integrated into the system (Karthik Devineni, 2021).  

 

Finally, MDM facilitates the distribution of standardised data to downstream systems such as 

e-commerce platforms, inventory management tools, and analytics applications, supporting 

critical activities such as inventory management, marketing campaigns, and customer 

engagement. Industries leveraging MDM include retail giants such as Walmart and Unilever, 

which maintain consistent product data across supply chains and digital platforms (He 2023). 

Similarly, MDM standardises supplier and component data in the automotive industry, 

enhancing manufacturing efficiency and maintenance processes (Krieger and Schorr, 2019). 

The MDM plays a vital role in maintaining data integrity and operational efficiency across 

diverse business landscapes through these applications. 

2.5 The Role of Product Attribute Data in E-Commerce and Inventory Management 

Product attribute data is fundamental in inventory management, demand forecasting, and 

customer engagement (Mirza et al., 2021). The accuracy and completeness of such data are 

essential for ensuring operational efficiency and optimising supply chain processes, whereas 

poor data quality can lead to significant challenges, including stock imbalances, logistical 

inefficiencies, and reduced customer trust(Azis & Irjayanti, 2024). The literature highlights 

various case studies and frameworks that emphasise the need for structured data management, 

automation, and governance to effectively handle product attributes. 

 

E-commerce businesses rely heavily on product attribute data to drive decision-making and 

maintain operational efficiency (Dey Chowdhury et al., 2023). Product attribute data consists 

of characteristics such as size, colour, weight, and material that distinguish one product from 

another (Sinha & Gujral, 2024).  These attributes support customer engagement by ensuring 

that product descriptions are clear and comprehensive, ultimately reducing uncertainty in 

purchasing decisions. In addition, they serve as the backbone of inventory workflows, 

influencing demand forecasting, warehouse space calculations, and supply chain coordination 

(Dey Chowdhury et al., 2023a) 

 

Conversely, when product attribute data are incomplete or inaccurate, it disrupts logistics, 

misaligns inventory levels, and erodes customer trust. Consumers rely on accurate product 

descriptions to evaluate items before purchasing, and any discrepancies can lead to product 

return and dissatisfaction (Amsl et al., 2023). The importance of structured product attribute 
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data in e-commerce extends beyond individual customer interactions, ultimately impacting 

overall business performance and supply chain resilience. 

2.5.1 Product Attribute Data and Its Impact on Inventory Management 

Product attribute data is crucial in ensuring inventory accuracy, facilitating effective 

replenishment strategies, and preventing financial losses associated with overstocking or 

stockouts (Dey Chowdhury et al., 2023). For example, the Size Curve Optimisation for 

Replenishment Products study highlights how unreliable size-level data leads to poor demand 

forecasting and inventory mismanagement, resulting in stock shortages or excessive stock 

holdings (Andrew Gabris B., 2008). A key insight from this study is the need for granular SKU-

level accuracy because even slight variations in attribute data can cause disruptions in stock 

planning. 

 

A significant challenge in inventory management is the lack of standardised attribute 

classification, which can lead to inconsistencies in stock tracking (Gustafsson et al., 2021). 

When product data lacks structured formats, retailers struggle to coordinate inventory across 

multiple locations. This issue is evident in the Beiersdorf case study, where inaccurate logistics 

data and delays in updating bills of materials led to inventory misalignment and inefficiencies 

(Hüner et al.,2011).  

 

To mitigate these risks, Beiersdorf adopted GS1 standards, which facilitated real-time data 

validation and consistency across supply chain processes and highlighted the value of 

implementing Master Data Management (MDM) systems and structured data quality 

frameworks, such as Total Data Quality Management (TDQM), to ensure inventory accuracy 

(Niemir and Mrugalska, 2022). 

 

Beyond operational efficiency, product attribute data plays a critical role in demand 

forecasting. Companies depend on accurate attribute data to refine sales predictions and 

optimise procurement strategies (Sun and Huo, 2021). When discrepancies arise in product 

attributes, forecasting models become unreliable, leading to inventory distortions and financial 

losses. Implementing automated clustering techniques allows businesses to group similar 

products, thereby enhancing replenishment accuracy and improving inventory efficiency 

(Oncioiu et al., 2019). Furthermore, automated size curve updates help retailers adjust 

inventory to match market trends, reducing the risk of stock imbalances and lost sales 
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opportunities. 

2.5.2 The Role of Product Attribute Data in the Luxury Fashion Industry 

The impact of product attribute data is particularly evident in the luxury fashion industry, where 

brand equity is closely linked to product presentation and consumer experience. Customers 

expect accurate product descriptions and visuals to ensure that they receive exactly what they 

purchase (Bruzzone, Massei and Frosolini, 2022). Any inconsistencies, such as colour 

mismatches or misleading fabric descriptions, can erode trust and lead to increased product-

return rates. 

 

Luxury brands also rely on structured product data to effectively manage seasonal demand 

fluctuations (Wang et al., 2023). By maintaining high-quality attribute data, retailers can align 

stock availability with market demand, ultimately reducing excess inventory and minimising 

markdowns. The ability to predict seasonal trends and stock levels based on consumer 

preferences ensures that businesses can capitalise on demand peaks while simultaneously 

preventing losses from unsold stock (Yang et al., 2021). 

 

In addition to improving inventory management, structured product data plays an important 

role in multi-channel consistency. Many luxury fashion brands operate across physical stores, 

e-commerce websites, and third-party marketplaces and ensure that uniform product 

descriptions and categorisation across all platforms reinforce brand identity and prevent 

consumer confusion. This level of data standardisation is crucial for sustaining a competitive 

advantage in high-end retail. 

2.5.3 Size Curve Optimisation for Replenishment Products 

Size Curve Optimisation for Replenishment Products is a key study highlighting product 

attribute data's impact on inventory management. This research examines how discrepancies 

in size data disrupt demand forecasting and inventory allocation (Andrew Gabris B et al., 2008; 

Dey Chowdhury et al., 2023b). 

 

A critical solution proposed in this study is using clustering techniques to improve the precision 

of the replenishment models. By grouping products with similar attributes, businesses can 

enhance demand forecasting accuracy and optimise stock levels. Automated size curve updates 

allow businesses to remain agile, ensuring their inventory aligns with the shifting market 
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conditions and consumer preferences. 

The findings of this study reinforce the need for real-time inventory monitoring and automated 

stock adjustment. In today’s fast-paced e-commerce environment, businesses that fail to adapt 

to demand fluctuations risk financial losses because of excessive markdowns or unfulfilled 

orders (Rizaldi and Madany, 2021). 

2.5.4 Machine Learning and the GenToC Model for Attribute-Value Identification 

Recent advancements in machine learning have introduced innovative solutions for managing 

product attribute data. One such approach is the GenToC framework deployed on IndiaMART, 

which enhances attribute-value extraction accuracy using machine learning models (Harris et 

al., 2006). 

 

A primary challenge in e-commerce is the presence of multilingual, unstructured product data. 

The GenToC model addresses this issue using natural language processing (NLP) techniques 

to standardise attribute data across multiple languages and data sources. By leveraging partially 

labelled datasets, the framework improves search and recommendation accuracy, thus 

enhancing the customer experience and operational efficiency (Tumpa and Dey, 2022). 

 

Machine-driven attribute extraction significantly benefits e-commerce platforms by enhancing 

data management automation and efficiency. Automated product categorisation minimises 

reliance on manual data entry, which can streamline inventory organisation and ensure accurate 

product classification (Farras et al., 2022). Additionally, improved search functionality enables 

customers to locate relevant products more efficiently, ultimately enhancing the overall 

shopping experience. Improving data consistency further reduces product descriptions and 

classifications discrepancies and ensures uniformity across multiple digital platforms (Haleem 

et al., 2022). 

 

By integrating machine-based tools such as GenToC, retailers can optimise product data 

management, reduce human errors, and improve backend operational efficiency. In turn, this 

leads to better inventory control and enhanced customer satisfaction. 

 

Product attribute data is critical in ensuring inventory efficiency, demand forecasting accuracy, 

and customer satisfaction. Poor data quality results in logistical inefficiencies, financial losses, 

and decreased consumer trust, whereas structured and automated product attribute management 

https://uwcscholar.uwc.ac.za/home



 

29 

 

improves supply chain performance and reduces operational risks (Hassenstein and Vanella, 

2022). 

 

The Size Curve Optimisation study and Beiersdorf case study illustrate the real-world 

consequences of data inaccuracies in inventory management. These cases reinforce the need 

for businesses to adopt structured data governance practices, such as Master Data Management 

(MDM) and Total Data Quality Management (TDQM) frameworks, to maintain high-quality 

product attribute data (Adi Wicaksana et al., 2024). 

 

Furthermore, machine learning advancements–as demonstrated by the GenToC framework– 

highlight that automated classification models, clustering techniques, and real-time validation 

systems ensure that retailers can efficiently manage inventory, improve demand forecasting, 

and enhance customer experience (Lalou, Ponis and Efthymiou, 2020). 

 

As e-commerce continues to evolve, data accuracy, automation, and advanced analytics remain 

the essential components of inventory and supply chain management. Future research should 

focus on further developments in AI-driven product attribute standardisation, ensuring that 

retailers can leverage high-quality data to optimise operations and maintain a competitive 

advantage in the digital marketplace (Haleem et al., 2022). 

2.6 Forecasting Accuracy and Customer Satisfaction 

Accurate demand forecasting depends on high-quality data. Poor quality in size-level forecasts 

distorts demand patterns, leading to overstock, stockouts, and reduced customer trust (Hüner 

et al., 2011). The cascading effects of inaccurate data contribute to diminished customer 

satisfaction and weakened operational workflow. 

2.7 Validation and Profiling Tools 

Data profiling and validation tools are instrumental in identifying and mitigating 

inconsistencies in the product attribute data. Automated validation systems, such as those 

adopted by luxury fashion brands and Beiersdorf’s GS1 standards, enhance consistency and 

interoperability (Cichy and Rass, 2019). These tools exemplify the best practices for managing 

the product attribute data. 
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2.8 Supply Chain Visibility 

High-quality data facilitates real-time decision-making and enhances supply chain visibility. 

For example, Beiersdorf optimised global trade operations using accurate logistics data, 

whereas luxury fashion brands leveraged precise inventory data to balance e-commerce and 

physical store demands (Zamani et al., 2023). 

2.9 Business Implications of Data Quality 

Data quality plays a critical role in shaping business performance by influencing operational 

efficiency, customer satisfaction, and cost optimisation. Quality product data ensures seamless 

business operations by reducing inefficiencies in inventory management, fostering consumer 

trust, and enhancing financial sustainability (Bucko, Kakalejčík and Ferencová, 2018; Meher 

Neger and Burhan Uddin, 2020).  

 

In contrast, poor data quality, on the other hand, leads to misaligned inventory levels, increased 

return rates, and unnecessary operational costs. Several case studies, including Beiersdorf’s 

governance practices and the Size Curve Optimisation study, highlight the tangible benefits of 

maintaining accurate and reliable data across various business functions (Andrew Gabris B et 

al., 2008; Hüner et al., 2011). 

2.9.1 Operational Efficiency 

Accurate product data plays a crucial role in minimising inefficiencies in inventory 

management, leading to reduced costs and improved responsiveness. Beiersdorf’s governance 

practices highlight the role of data quality in achieving operational success, as enhanced data 

quality reduces operational disruptions, optimises logistics, and minimises costs. This is 

demonstrated by the Size Curve Optimization study’s targeted safety stock allocations 

(Bruzzone et al., 2022; He, 2023). 

2.9.2 Customer Satisfaction 

Reliable data fosters customer trust and reduces return rates. Therefore, luxury fashion brands 

underscore the importance of consistent and precise product descriptions to enhance user 

experience (Edosio, 2014; Bindi et al., 2023). 

2.9.3 Enhancing Customer Engagement Through Quality Data 

Online shopping customers rely heavily on visual and textual representations of products, 
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replacing the physical interactions typical in brick-and-mortar retail. Consequently, product 

attribute data's accuracy, completeness, and visual appeal are pivotal in influencing customer 

behaviour (Gil-saura, Rodríguez-orejuela and Pe, 2020). 

 

For instance, impulsive purchasing—characterised by unplanned, emotion-driven decisions—

is a common phenomenon in e-commerce (Meher Neger and Burhan Uddin, 2020). Studies 

highlight that when customers stumble upon an online store, high-quality, visually appealing 

product attributes can increase their likelihood of engaging with the product and making a 

purchase (Hurtado et al., 2019). In such cases, data quality and presentation are not merely 

operational necessities, but also critical marketing tools that drive consumer action. 

2.9.4 Logistics and Product Information Management 

Product attribute data also plays a significant role in logistics and supply chain operations. 

Attributes, such as weight, dimensions, and fragility, directly influence decisions related to 

physical distribution, including packaging, transport modes, and warehouse allocation (Lekić 

et al., 2019; van Goor et al., 2020). For example, errors in data, such as weight or volume, can 

lead to logistical bottlenecks, increased transport costs, or even rejected goods at distribution 

centres (van Goor et al., 2020). Moreover, stakeholders in the logistics process often rely on 

product attributes to classify goods, plan delivery schedules and ensure regulatory compliance. 

For example, flammable or fragile items require specialised handling and transport, which must 

be planned based on accurate attribute data (Afzal et al., 2021). A consistent evaluation and 

improvement of the quality of such data ensures that operational risks are minimised and 

efficiencies are maximised. 

2.9.5 Product Classification and Merchandising 

Effective product classification in e-commerce relies on structured and accurate attribute data. 

For example, categories such as "Men’s Running Shoes" or "Organic Cotton T-Shirts" depend 

on metadata attributes–such as product titles, descriptions, and universal product codes (UPC)–

to ensure proper categorization (Tumpa and Dey, 2022). Consistent and complete product 

classifications improve customer navigation and marketing strategies' effectiveness, enabling 

businesses to showcase relevant products to the right audience (Côrte-Real, Ruivo, and 

Oliveira, 2020). 

 

Attributes, such as size, colour, and material, are particularly relevant to website 
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merchandising. Retailers use these attributes to sort, filter, and display products in ways that 

align with their customer preferences. For instance, sorting by size or colour allows customers 

to quickly find items that match their needs, enhancing their overall shopping experience 

(Meher Neger and Burhan Uddin, 2020). Conversely, inaccuracies or gaps in these attributes 

can lead to customer frustration and loss of sales opportunities. 

2.9.6 Impact on Procurement and Marketing 

From a procurement perspective, high-quality product attribute data is indispensable. Buyers 

require detailed and accurate information to evaluate products, make informed purchase 

decisions, and compare alternatives. When such data are missing or inconsistent, they can erode 

confidence in the product, resulting in missed opportunities (Sun & Huo, 2021). Without clear 

information on, for example, material composition, procurers might overlook products that 

could align with revenue-generating strategies. 

 

Product attributes enable targeted campaigns and consumer engagement strategies in 

marketing. For example, identifying that 100% cotton products generate high sales among 

environmentally conscious consumers allows marketing teams to create focused campaigns 

that resonate with this demographic (Lalou, Ponis and Efthymiou, 2020). Accurate and granular 

data allows businesses to segment their audiences, personalise marketing messages, and 

optimise promotional budgets. 

2.9.7 Critical Role of Quality in Business Operations 

The strategic value of high-quality product attribute data is abundantly evident across critical 

business operations, acting as a foundation for streamlined procurement, optimised logistics, 

and impactful marketing strategies. Accurate and detailed data simplify procurement processes 

and enable organisations to identify and prioritise products that resonate with overarching 

business goals and revenue-driven strategies (Centre and Emirates, 2019).  

 

In logistics, attributes such as weight, dimensions, and fragility play a crucial role in efficient 

transportation and warehouse management, thereby minimising costs and operational risks 

(Rakovska, 2016). Furthermore, reliable data serves as the foundation for successful marketing 

strategies by facilitating audience segmentation, enabling personalised campaigns and ensuring 

impactful promotional efforts. Businesses that prioritise refining attribute data quality can 

achieve significant competitive advantages, including enhanced operational efficiency, 
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customer satisfaction, and revenue generation (Côrte-Real et al., 2020). 

2.10 Challenges, Contradictions, and Gaps 

Data quality management presents notable challenges, contradictions, and gaps that complicate 

its effective implementation across industries. These complexities are particularly evident in 

dynamic and data-intensive contexts, such as e-commerce, healthcare, and supply chain 

management, where accuracy and consistency are critical to operational success. 

2.10.1 Contradictions in Data Quality Standards 

Contradictions arise from varying perspectives on the applicability of data quality dimensions. 

While some frameworks advocate for universal metrics, such as accuracy and completeness, 

that can be applied across industries (Silvola et al., 2016), others emphasise the necessity of 

context-specific adaptations to cater to the unique needs of different sectors.  

 

For instance, while the healthcare industry may prioritise accuracy and timeliness to ensure 

patient safety, e-commerce might focus more on completeness and consistency to enhance 

customer experience (Strong, Lee, & Wang, 1997). This dichotomy underscores the challenge 

of balancing standardised data quality metrics with contextual and industry-specific relevance. 

2.10.2 Integration of Unstructured Data 

A significant gap in the literature lies in integrating unstructured data, such as customer 

reviews, social media content, and images, into structured quality frameworks. While 

unstructured data provide valuable insights into customer behaviour and preferences, they are 

difficult to standardise and integrate into existing data management systems (Cichy & Rass, 

2019). This limits the comprehensive assessment of data quality, particularly in e-commerce, 

where such information plays a vital role in decision making (Hurtado et al., 2019). 

2.10.3 Cross-Platform Consistency 

Maintaining consistent data quality across multiple platforms remains a persistent challenge, 

particularly in omnichannel retail environments. Variations in data formatting, classification, 

and representation across platforms can confuse customers, hinder inventory synchronisation, 

and disrupt marketing strategies (Pellegrino, 2019). Such inconsistencies undermine the 

seamless experience central to omnichannel strategies, highlighting the importance of 

implementing robust frameworks to enforce data uniformity. 
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2.10.4 Scalability of Frameworks 

A critical gap in data quality research is the limited scalability of existing frameworks for 

addressing the growing complexity of large-scale dynamic data environments. Frameworks 

like TDQM and MDM, while effective in smaller or static systems, often struggle to 

accommodate the exponentially increasing data volumes of global e-commerce platforms 

(Cichy and Rass, 2019). Scalable solutions that adapt to an ever-evolving data landscape are 

crucial for maintaining high-quality data in these contexts. 

2.10.5 Emerging Gaps in Research 

Although research on data quality has advanced significantly, several critical gaps persist. One 

major limitation is the lack of research on dynamic, real-time metrics for assessing data quality, 

an aspect that is particularly crucial for rapidly evolving industries, such as e-commerce and 

logistics (Silvola et al., 2016).  

 

Additionally, although artificial intelligence shows considerable potential for automating data 

validation and profiling, its integration into existing frameworks remains underdeveloped, 

limiting its practical application (Schmidt, 2020). Furthermore, the lack of standardised 

practices across industries challenges achieving consistent data quality, particularly in global 

supply chains where uniformity is essential for seamless operations (Cavanillas, Curry, & 

Wahlster, 2016). 

2.10.6 Combined Insights 

In summary, contradictions in data quality standards, challenges in integrating unstructured 

data, cross-platform inconsistencies, and limitations in scalability and dynamic metrics present 

substantial obstacles to effective data quality management.  

 

Addressing these issues requires innovative approaches like automating data validation and 

integrating unstructured data into structured frameworks through machine learning models 

(Shivaprasad, 2024). Adapting existing frameworks, such as TDQM, to accommodate real-

time data management needs in large-scale operations (Strong, Lee, & Wang, 1997) and 

promoting cross-industry collaboration to establish universal standards for data quality 

management (Otto, 2012) are critical steps in improving data quality assurance. By tackling 

these gaps, organisations can make better decisions and improve customer experiences. 
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2.10.7 Chapter Summary 

Product attribute data serves as a cornerstone of inventory optimisation, accurate forecasting, 

and customer-centric retail operations (Dey Chowdhury et al., 2023b). The literature and case 

evidence underscore that poor data quality whether through missing, inaccurate, or inconsistent 

attributes contributes directly to logistical inefficiencies, lost revenue, and eroded consumer 

trust (van Goor et al., 2020). In contrast, structured and standardised attribute data management 

enables streamlined supply chain processes, improved stock alignment, and enhanced customer 

experiences (Petrović, 2020). 

 

Studies such as the Size Curve Optimisation and the Beiersdorf case study demonstrate the 

tangible impact of data governance practices and the strategic use of frameworks such as Total 

Data Quality Management (TDQM) and Master Data Management (MDM) in addressing 

attribute-level challenges (Andrew Gabris B et al., 2008; Hüner et al., 2011; Rangineni et al., 

2023). These frameworks enable businesses to maintain high-quality product data through 

standardisation, validation, and continuous improvement cycles. 

 

Emerging technologies, particularly machine learning models like the GenToC framework, 

provide scalable, automated solutions to attribute-value extraction and classification challenges 

(Shariat Panahy et al., 2013; Tumpa & Dey, 2022). These innovations allow retailers to address 

issues of unstructured data and real-time validation, thereby reducing manual errors and 

increasing inventory and search accuracy (Dash, 2022). 

 

Collectively, the literature supports that data accuracy, automation, and governance are 

essential enablers of operational resilience and competitive advantage in digital retail 

ecosystems (Atieh et al., 2025). These insights form the foundation for further research and 

practical interventions aimed at enhancing product attribute data quality in online shopping 

environments. 

 

3 Research Design and Methodology 

3.1 Research Design 

This study adopts a pragmatic research philosophy, which prioritises practical solutions to real-

world problems by integrating multiple forms of data and analytical techniques. This study 
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employs a primarily deductive approach to theory development, using established data quality 

dimensions such as accuracy, completeness, and consistency, as a foundation for evaluating 

their relevance in an online retail environment.  

 

Pragmatism is especially suited for this study as it allows the use of mixed methods, drawing 

on both qualitative insights and quantitative evidence to produce actionable findings (John W. 

Creswell, 2014). 

 

The methodological choice of a case study design is well aligned with this philosophy. Online 

retail businesses operate in complex, dynamic environments, where a nuanced understanding 

of data quality challenges requires context-sensitive analysis (Gil-saura et al., 2020). A case 

study enables the researcher to explore these dynamics in depth, using both semi-structured 

interviews (qualitative) and secondary data analysis of product attribute records (quantitative) 

to assess data quality. 

 

The selection of the specific business case was guided by its relevance to the research 

objectives, availability of respondents and product attribute data, and its standing as a leading 

online retailer. This supports methodological pluralism, where the tools and methods are 

selected based on their utility in answering the research questions rather than being bound by 

a single paradigm (Tomaszewski et al., 2020). Ultimately, this pragmatic and mixed-method 

approach enables a more comprehensive, flexible, and insightful exploration of how product 

attribute data quality is managed in online commerce. 

 

Data quality issues are inherently complex and are influenced by a range of factors, including 

data sources, organizational processes, and user behaviours. A case study facilitates a 

comprehensive exploration of these complexities, allowing for a deeper understanding of the 

intricacies of data-quality problems and their underlying causes. 

 

Based on the existing theory, this study follows a deductive research technique to analyse and 

assess the quality of product attribute data on an online shop. Deductive research is further 

characterised as beginning with an anticipated pattern and comparing it to observations 

(Babbie, 2010; Tomaszewski et al., 2020) 

 

The data collection procedures involved acquiring authorisation from the online shop's data 
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manager to access the database, securing approval from department managers within the online 

shop to arrange interviews with users of product attribute data, and obtaining the requisite 

permissions to conduct research within the online shop. Additionally, this study aims to provide 

practical solutions and recommendations for addressing real-world data quality issues in online 

shopping businesses.  

 

Case studies provide context-specific strategies and actionable insights that can be directly 

applied within the operational framework of online retailers. Furthermore, this study aims to 

develop data quality metrics and recommendations tailored to online shopping. The case study 

framework accommodates these metrics' iterative development and refinement, ensuring they 

effectively address online retailers' unique challenges (Creswell J W, 2009). 

 

The researcher considers the three elements of research design, empirical versus non-empirical 

research, the type of data used in the study, and the various data sources—when determining 

an appropriate approach for conducting this study (Babbie, 2010:92–94).  

 

Based on these guidelines, this study is classified as empirical, requiring both qualitative and 

quantitative research techniques to examine the quality of product attribute data on an online 

shop. When both techniques are used in a single study, this is referred to as a mixed-methods 

approach. Textual data is referred to as ‘qualitative data’, while numerical data is referred to as 

‘quantitative data.’  

 

This study intends to use two types of data, as it needs to collect information from textual 

material and data derived from scientific models. This method allows the researcher to compile 

sufficient and relevant numerical and qualitative data to address the research questions. 
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Figure 4: Research Process 

 

3.2 Unit/s of analysis 

The combination of primary and secondary data is appropriate for this research, as it enhances 

the depth and breadth of the research, validates findings, addresses existing research gaps, and 

ensures that the resulting recommendations are both contextually relevant and well-informed 

by existing knowledge. This two-unit analysis approach allows for a more robust and insightful 

examination of data quality challenges in the context of online shopping businesses. 

 

The primary data sources consist of individuals engaged in managing product attribute data, 

particularly those overseeing product procurement in the online shopping business. These 

individuals are identified based on their roles and responsibilities. Secondary data, consisting 

of product attribute information, were gathered from the feedback provided by research 

participants, focusing on specific product categories. 

Unit of analysis: Individuals (Babbie, 2010) and product attribute data.  

Unit of analysis for this study: People working with product attribute data and product attribute 

data were sourced from online shop systems. 
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Motivation: The unit of analysis is individuals’ interaction with product attribute data. This 

study aims to determine how to improve the quality of product attribute data in the catalogues 

of an online shop. The product attributes of interest will be highlighted in the interviews, and 

the secondary data will complement this by providing a broader context and historical 

perspective on the product attributes in the online shop's catalogue. 

3.3 Research Instrument 

Various research instruments are available for use in the development of case studies.  

According to Babbie (2010) (Babbie, 2010), research methods refer to the procedures scholars 

use to carry out their studies. These include data analysis techniques, such as statistical 

procedures, and data collection methods, such as interviews, surveys, and questionnaires. In 

the context of case study development, the selection of appropriate instruments is critical to 

ensuring validity and alignment with the study’s philosophical foundation (M Ramakrishna & 

K V. M. Vara Kumar, 2022). 

 

As Asenahabi (2019) (Asenahabi, 2019) explains, a key challenge in research instrument 

selection lies in ensuring that the tools used are appropriate for the theoretical or philosophical 

framework of the study. To address this, semi-structured interviews were chosen as the primary 

data collection method. This approach is well-suited to the study’s pragmatic paradigm, which 

values flexibility and real-world applicability by drawing on both qualitative and quantitative 

sources. 

 

The aim of this case study is to explore the challenges encountered by data managers, 

particularly product procurers, when working with product attribute data. By using interviews, 

the research captures these challenges directly from the practitioners' perspectives, enabling 

the identification of relevant data quality metrics and governance practices. 

 

To ensure the credibility and applicability of the research instrument, each interview question 

was directly informed by the literature reviewed in Chapter 2. This ensured alignment with 

established constructs in data quality frameworks such as Total Data Quality Management 

(TDQM) and Master Data Management (MDM) (Hüner et al., 2011; Pellegrino, 2019). As a 

result, the interview schedule focused on known dimensions of data quality such as accuracy, 

completeness, consistency and governance challenges faced in managing product attributes in 

online retail. 
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A pilot interview was conducted with one eligible procurer who met the sample criteria but 

was not included in the final participant set. The purpose of the pilot was to test the interview’s 

flow, question clarity, estimated duration, and procedural practicality. Based on feedback from 

this session, minor revisions were made such as simplifying technical language and reordering 

certain questions to improve coherence and respondent engagement. 

 

These adjustments ensured that the final interview instrument was clear, contextually relevant, 

and capable of eliciting rich, actionable insights, in line with the pragmatic and mixed-methods 

orientation of the study. 

 

Existing databases within the online shopping business served as the source for extracting 

secondary data on product attributes, with the semi‑structured interviews guiding the selection 

of which attributes would undergo analysis.  

 

To ensure that the secondary data instrument was valid and aligned with the study’s objectives, 

the chosen attributes (such as size, colour, and gender) were triangulated against interview 

insights, confirming that they were operationally significant, known by data users to contain 

quality issues, and directly relevant to the research focus.  

 

The extraction method and selected data fields were further verified by the organisation’s data 

manager and a content‑operations specialist, ensuring that the correct tables were accessed, 

attribute definitions were accurately interpreted, and the extracted dataset reliably reflected the 

actual structure and content of the product catalogue. 

 

Additionally, a pilot profiling exercise was conducted using a small sample of the dataset prior 

to the full extraction. This allowed the researcher to examine the structure of the attributes, 

confirm the presence of usable values, and test the applicability of data‑quality techniques such 

as accuracy checks and completeness scoring.  

 

The pilot profiling ensured procedural correctness, prevented extraction errors, and validated 

that the secondary data instrument was robust, fit for purpose, and aligned with established data 

quality dimensions. 
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3.4 Data Sources and Methods 

This study integrated both primary and secondary data sources to provide a comprehensive 

analysis of product attribute data quality. The primary data consist of subjective insights 

gathered through semi-structured interviews with key stakeholders involved in product data 

management, including the head of department, product developer, curers, and retail analysts 

(M Ramakrishna & K V. M. Vara Kumar, 2022).  

 

These interviews explore the significance, challenges, and existing practices related to data 

quality within the organisation. Secondary data, including product attribute details, product 

categories, and descriptions, were sourced from the focal company’s system and constitute a 

larger component of the case study (Koot et al., 2021). The primary data inform the selection 

and focus of the secondary data extracted from the company’s system.  

 

The analysis utilised a mixed-methods approach, combining qualitative insights from 

interviews with a quantitative assessment of data quality. Quantitative data derived from the 

company’s product attribute database were evaluated against key data-quality dimensions, such 

as completeness, consistency, and accuracy (Ayan et al., 2022).  

 

This dual methodology enables a comprehensive evaluation of product attributes, including 

colour, size, and gender, and provides an in-depth understanding of the overall quality of an 

organisation’s data. 

3.5 Data Collection and Analysis Method 

This study gathered data through a two-stage process involving semi-structured interviews and 

quantitative data analysis. The interviews, which were first conducted following ethical 

clearance, were crucial in informing the data curation process (Taquette & Borges da Matta 

Souza, 2022). Each participant was briefed on the research process to ensure that informed 

consent was obtained.  

 

These interviews, conducted with key stakeholders involved in product data management, 

provided valuable insights into the challenges and best practices within the organisation, 

shaping the approach to curating product attribute data (Amsl et al., 2023). 
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The table below outlines the interview participants involved in examining the data quality in 

an online shopping context. It includes the participants' roles and key focus areas from their 

interviews. The participants encompassed various roles, such as head of department, product 

developer, curers, and retail analyst, with each contributing unique insights into the impact of 

data quality on operational efficiency, innovation, and data user experience.  

 

Their feedback highlights challenges such as inconsistencies in supplier data, limitations in 

data validation methods, and the importance of critical product attributes, such as colour, size, 

and availability. This diverse range of perspectives offers a comprehensive understanding of 

the role of data quality across various online retail functions. 

 

Participant Interview 

No. 

Role Key Focus Areas 

A 1 Head of 

Department 

Importance of data quality, operational 

challenges, innovation, data quality 

dimensions, critical attributes 

B 2 Product 

Developer 

Data quality impact on product development, 

operational challenges, data validation 

methods, key attributes 

C 3 & 4 Procurer Importance of data quality in procurement, 

challenges with large datasets, product attribute 

standards, competitor analysis 

D 5 Retail 

Analyst 

Customer experience, supplier data 

inconsistency, innovation challenges, data 

profiling, MDM system 

Table 1: Profile of interview participants and key focus areas 

 

After the interviews, quantitative data were extracted from the internal systems, focusing on 

the product attribute quality. Insights from the qualitative interviews informed the curation of 

this data, ensuring that it aligned with the research focus (Qi et al., 2020).  

 

The collected data were subsequently analysed using recognised data-quality dimensions, 

including accuracy, completeness, consistency, and timeliness. Data profiling techniques were 
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employed to identify deficiencies, and the interview findings guided the focus areas of the 

analysis. This comprehensive approach offers a well-rounded understanding of the impact of 

data quality on supply chain efficiency (Puica, 2023). 

 

The table below outlines the key product attributes and offers a structured view of the 

information used for analysis. 

 

Column Name Description Possible Values 

Id Unique product id Numeric (e.g., 35481283, 35481285) 

Product_Title Title of the Id 

Text (e.g., "Havaianas - Top Black - 

Unisex UK 8") 

Product_Dept Product department Text (e.g., "Footwear", "Clothing") 

Req_Recom 

Required or recommended 

attribute Required, Recommended 

Gender 

Gender associated with the 

product Men, Women, Unisex 

Colour Primary colour of the product Text (e.g., Black, Blue, Brown, etc.) 

Clothing_Symbol Clothing size symbol Text (e.g., UK 8, 32 x 32, etc.) 

Shoe_Size Shoe size Text (e.g., UK 8, UK 12, etc.) 

Jean_Style Style of jeans Text (e.g., Slim, Regular, etc.) 

Neckline Style of neckline Text (e.g., Crew, V-Neck) 

Table 2: Metadata descriptions – The table above describes and gives examples of column 

values 

3.6 Data collection  

This study used a sample of respondents who contributed to the data-collection process. 

According to Babbie (2010), sampling is the act of selecting the data. There are two primary 

types of sampling: probability and non-probability. Probability sampling involves the selection 

of typical or representative units of the population it represents, implying that each member 

has a chance of being selected. Conversely, nonprobability sampling is used when probability 

sampling is not feasible or suitable, meaning that not all members of the population are equally 

likely to be chosen. People are most likely chosen based on their availability or the researcher's 

purposeful personal opinions. (Babbie, 2010:192). 

 

https://uwcscholar.uwc.ac.za/home



 

44 

 

Non-probability sampling can be divided into four categories: dependence on available 

subjects, purposeful sampling, snowball sampling, and limited sampling. This study employed 

purposive selection within a non-probability framework, as appropriate, when the scholar has 

extensive information about the community and its constituents. (Babbie, 2010).  

 

The interviews were conducted across multiple departments via video calls or in-person 

meetings based on the participants' preferences. Before the interviews, participants will be 

provided with consent forms and information sheets detailing the research objectives, 

confidentiality of their responses and identities, and rights as participants. Secondary data 

retrieved from the online shop system were accessed using secure protocols and stored in 

password-protected environments. 

 

The departments of interest include logistics and product procurement departments, which are 

assumed to rely purely on product attribute data for key areas in their daily tasks.  

 

The literature review provides an overview of existing data quality dimensions and their 

applications in assessing product data quality. Each interviewee will be asked about the data 

quality dimensions described in Strong, Lee and Wang, (1997b); Hüner et al., (2011); and 

Pellegrino (2019). 

 

For the data collection of product attribute data in this study, real product attribute data will be 

collected by the researcher from the online shop’s system and then assessed using a predefined 

set of data quality dimensions. Participants will identify the critical product attribute data, and 

the researcher will then use existing data quality dimensions to assess the quality of the product 

attribute data.  

3.7 Data analysis 

Semi-structured interviews with key stakeholders such as online store employees will be 

conducted to gather qualitative data and improve our knowledge of data quality in online shops. 

These interviews gathered diverse perspectives, experiences, and insights about the calibration 

of product attributes and their impact on online purchasing experience (Gil-saura et al., 2020).  

 

Interview transcripts will undergo methodical qualitative analyses to identify recurring themes 

and patterns. This approach involves theme analysis, coding, ongoing comparison, and 
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contextualisation to uncover subtle insights into problems related to data quality (Tomaszewski 

et al., 2020).  

 

The quantitative analysis of product attributes from the online shop's database will be combined 

with the qualitative findings from the interviews to thoroughly analysed data quality problems 

and potential solutions (He & Binti Hashim, 2024).  

 

By triangulating data from multiple sources and reporting integrated findings, this study aims 

to offer a holistic understanding of data quality issues in online shopping and provide 

actionable recommendations for improvement (Amsl et al., 2023). Additionally, data quality 

dimensions, such as correctness and accuracy, are analysed in the context of a specific category, 

such as washing machines.  

 

For example, if the given weight or size of an item falls under or over a predefined threshold, 

the product attribute data of the item are inaccurate and therefore incorrect. Data collation and 

cleaning were performed using Python to ensure consistency and reliability. 

3.8 Ethical considerations 

When conducting this research, it is vital to adhere to ethical principles, particularly 

considering the Protection of Personal Information Act (POPIA) requirements. POPIA 

regulates the handling of personal data and emphasises privacy and data protection. This study 

prioritised data privacy and confidentiality to comply with these regulations and maintain 

ethical standards. This involves obtaining informed consent from participants, ensuring data 

anonymity, and securing the storage of the collected data. Access to sensitive information was 

restricted in accordance with the POPIA guidelines. Furthermore, the reporting of research 

findings is conducted in a way that safeguards participant anonymity and sensitive data. Ethical 

principles such as transparency, respect, and participant well-being will be upheld throughout 

the study to ensure that ethical standards are consistently met. 

 

This study used secondary data obtained from a reliable online retail platform database. Formal 

agreements and permissions were obtained prior accessing the online shop's database, 

guaranteeing adherence to the data ownership and confidentiality guidelines. To protect the 

privacy of individuals associated with the data, the product attribute data extracted from the 

database will be handled safely and anonymously.  
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The ethical values upheld in this research included participant privacy, openness in data 

management practices, and compliance with pertinent legal and regulatory obligations. 

Secondary data from the online shop's database were used exclusively for this study, and any 

conclusions were provided in aggregate form to avoid the identification of specific individuals 

or entities. 

3.9 Chapter Summary 

This study adopts a pragmatic research philosophy, enabling the use of both qualitative and 

quantitative methods to address real-world challenges (Creswell & Plano Clark, 2018). A 

deductive approach guides theory development, using established data quality dimensions such 

as accuracy, completeness, and consistency as a basis for evaluating online retail data. 

 

A case study design was chosen for its suitability in capturing the complexities of data quality 

management in a leading online retailer. The case was selected based on its relevance, access 

to product attribute data, and availability of informed participants (Gil-saura et al., 2020). 

 

Using a mixed-methods approach, the study collected primary data through semi-structured 

interviews with stakeholders such as procurers, analysts, and department heads (Babbie, 2010; 

Tomaszewski et al., 2020). The interview guide was developed from the literature review in 

Chapter 2 and refined through a pilot interview. 

 

Secondary data were extracted from internal systems, focusing on key product attributes (e.g., 

size, colour, gender). These were validated through triangulation with interview insights, expert 

feedback, and pilot profiling to ensure analytical relevance and data integrity (Asenahabi, 

2019). 

 

The study followed strict ethical protocols, including compliance with POPIA, informed 

consent, and confidentiality. Ethical clearance was obtained, and all data were securely handled 

(Taquette & Borges da Matta Souza, 2022). 

 

Data analysis combined thematic coding of interview transcripts and data profiling of product 

attributes using Python. This ensured rigorous examination of both systemic and attribute-level 

quality issues across procurement and logistics functions. 
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4 Presentation Of Results 

4.1 Introduction to Data Analysis 

This chapter presents and analyses the study’s findings, addressing the central research 

question: “How is product attribute data quality managed in an online shop, and to what extent 

is it used?”. 

 

This chapter is structured around key themes derived from the literature review, stakeholder 

interviews, and quantitative analysis, focusing on fundamental data quality dimensions—

completeness, consistency, and accuracy—within the context of an online retail setting (Hüner 

et al., 2011; Black and Nederpelt, 2020; Ramasamy and Chowdhury, 2020). 

 

Insights from interviews with key stakeholders, including the head of department, product 

developer, curers, and retail analyst, reveal significant challenges such as inconsistencies in 

data entries, difficulties in interdepartmental collaboration, and the pressing need for 

automation.  

 

These findings align with the literature, which emphasises the critical role of data quality in 

enhancing customer satisfaction, supporting business decision making, and ensuring supply 

chain efficiency, particularly in relation to product attributes that directly influence purchasing 

decisions.  

 

Although tools such as data validation, profiling, and Master Data Management (MDM) 

systems are recognised as essential for managing data quality, challenges with inconsistent data 

entries persist. 

 

This chapter synthesises qualitative insights from stakeholder interviews with quantitative data 

metrics to cross-validate the findings, offering a comprehensive understanding of data quality 

management in online retail. This analysis explores organizational practices, stakeholder 

attitudes, and the influence of competitive pressures, providing a framework for evaluating the 

impact of data quality management on retail operations. 

 

In the first section, the findings from the clothing product attribute data assessment, such as 

jeans, shirts, and shoes in e-commerce stores, are presented with product attributes evaluated 
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against three key quality dimensions: completeness, consistency, and accuracy.  

 

The second section explores how issues related to these dimensions impact e-commerce 

businesses, considering the perspectives of both users and creators. This integrated approach 

highlights the practical implications of data-quality management and its role in driving 

operational and customer-centric outcomes in online retail. 

4.2 Company profile 

The focal company is one of South Africa’s largest e-commerce platforms, headquartered in 

Cape Town, with multiple nationwide distribution centres. Committed to enhancing customer 

experience, the company offers various products across categories, such as electronics, fashion, 

and sports, while competing with international giants, such as Amazon, Zando, and Shein. 

 

The company manages over 1.6 million monthly deliveries to support its expanding operations, 

backed by a network of more than 4500 delivery drivers. It operates distribution centres in the 

Western Cape and Gauteng and has established more than 50 Takealot Pickup Points across all 

nine provinces in South Africa. 

 

In response to growing competition, the company launched strategic initiatives to expand its 

reach into townships and rural areas. This includes the recruitment of personal shoppers to 

assist non-tech-savvy consumers, with the goal of hiring 5000 personal shoppers by 2028. 

Additionally, the company is investing in 'dark stores' and robotic automation to streamline its 

order-fulfilment efficiency. 

 

The company has maintained its position as a market leader in South Africa's e-commerce 

landscape through strategic acquisitions, continuous innovation, and a customer-centric 

approach. This study was conducted in Cape Town, where the company is headquartered. 

4.3 Section 1: Data Analysis of Product Attributes 

4.3.1 Assessment of Product Attribute Data Completeness 

Data completeness is a critical dimension of data quality that assesses whether all the necessary 

and relevant data is present for each product attribute. In e-commerce, completeness is vital in 

ensuring that product attributes such as colour, size, style, and gender are adequately populated 
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to support key functionalities, including search, filtering, and categorisation. A high level of 

completeness enhances product discoverability, streamlines customer decision-making, and 

contributes to operational efficiency (Zamani et al., 2023). 

 

This analysis evaluates the completeness of product attribute data in an e-commerce store, with 

a specific focus on clothing items such as jeans, shirts, and shoes. Attributes were assessed 

against the completeness dimension, which measures the proportion of fully populated data 

entries relative to those with missing values. These findings offer insights into the prevalence 

of data gaps across key attributes, revealing both operational strengths and areas for 

improvement. 

Attribute Estimated Quality % Incomplete Data % 

Genders 66% 34% 

Basic Colours 91% 9% 

Jeans Style 99% 1% 

Neckline 82% 18% 

Shoe Sizes 100% 0% 

Clothing Size Symbol 87% 13% 

Table 3: Completeness Scores of Product Attributes for Clothing Products (Jeans, Shirts, and 

Shoes) in the E-Commerce Store 

 

The findings in Table 3 reveal variations in the completeness of key product attributes in e-

commerce stores. Shoe size (100%) and Jeans Style (99%) demonstrate excellent data 

management, likely to their standardised nature and critical role in search and filtering 

functionalities. By contrast, gender (66%) and neckline (82%) expose challenges, likely arising 

from greater variability or reliance on supplier-provided data, which may increase the 

likelihood of missing entries.  

 

Attributes such as Basic Colours (91%) and clothing size symbols (87%) showed relatively 

high completeness, reflecting their importance for customer decision-making. However, they 

also indicated minor gaps that could affect overall usability.  

 

These discrepancies suggest that attributes with finite, standardised values or high customer 

visibility tend to be more thoroughly populated, whereas those requiring more nuanced or 

variable data may face greater challenges in achieving completeness. Prioritising efforts to 

address gaps in critical but less populated attributes can improve product discoverability and 

customer satisfaction. 
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4.3.2 Theme 1:  Data Completeness and Product Discoverability 

The completeness of product attribute data significantly affects product discoverability on an 

e-commerce platform. Missing or incomplete data in key attributes, such as Gender and 

Neckline, can hinder search and filtering functionalities, making it challenging for customers 

to locate products that match their preferences. This hindrance can lead to user frustration, 

decreased engagement, and lower conversion rates (Zamani et al., 2023).  

 

In contrast, attributes with high completeness scores, such as Jeans Style (99%) and shoe size 

(100%), contribute to an optimised shopping experience by enabling customers to efficiently 

refine their searches based on accurate and detailed product information. Search algorithms 

rely heavily on well-structured and complete product attribute data to generate the relevant 

search results. When attributes, such as gender, are incomplete (34% missing), search engines 

struggle to classify and retrieve suitable products, thereby decreasing product visibility 

(Antonides and Hovestadt, 2021). This issue limits potential sales, as consumers may not see 

relevant listings, even when the product is available (Ramasamy and Chowdhury, 2020). The 

significance of this issue is amplified in competitive online retail environments where seamless 

and personalised customer experiences are increasingly expected. 

 

Beyond searchability, incomplete product attributes also negatively impact recommendation 

systems and categorisation. Missing values in attributes, such as Neckline (18% incomplete), 

contribute to inconsistencies in automated filtering and product recommendations, thereby 

reducing the effectiveness of cross-selling and upselling strategies. Recommendation engines, 

which suggest related products based on available attributes, fail to function optimally when 

essential data points are absent, leading to missed opportunities for customer engagement.  

 

The analysis further indicates that attributes with finite and standardised values, such as shoe 

size (100%) and basic colour (91%), typically exhibit higher levels of completeness. This 

suggests that retailers prioritise easily standardised attributes and directly influence their 

purchasing decisions. However, attributes requiring greater variability, such as sex and line, 

are more prone to inconsistencies, particularly when reliant on supplier-provided data (Hüner 

et al., 2011). 
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4.3.3 Assessment of Product Attribute Data Consistency 

Consistency in the Gender attribute was measured by evaluating whether the recorded gender 

values for each product entry aligned with the corresponding product categories. Notably, 

Gender was the only attribute in this analysis subject to cross-validation, as its values were 

evaluated against predefined product categories.  

 

This approach leverages predefined product categories, which inherently suggest an 

appropriate gender classification for each product. For instance, categories such as ‘Men's 

Shoes’ or ‘Women's Jeans’ inherently define the expected gender designation for those 

products. 

 

The analysis systematically cross-referenced gender attribute values with their respective 

product categories to identify discrepancies and missing values. A product entry was 

considered consistent if its gender value matched the implied classification based on its product 

category.  

 

Conversely, entries were flagged as inconsistent in cases where no gender value was provided, 

or where the gender value did not align with the product category. This approach ensured that 

consistency was evaluated within the logical framework of the product hierarchy, providing a 

clear measure of uniformity in the dataset. 

 

Attribute Estimated Quality % Inconsistent Data % 

Genders 98% 0.20% 

Table 4: Consistency Scores of Product Attributes Evaluated Using Product Categories 

4.3.4 Theme 2:  Data Consistency and Operational Efficiency 

A fundamental component of operational efficiency is the consistency of product attributes, 

particularly in areas such as order fulfilment, demand forecasting, and inventory management 

procedures (Yang et al., 2021). Data consistency helps mitigate disparities that might result in 

operational inefficiencies by ensuring uniformity and standardisation across various platforms. 

 

Inconsistent product attributes, such as gender, clothing size, and basic colours, pose challenges 

for businesses in demand forecasting, stock allocation, and customer service (Duong et al., 

2016). Although attributes such as gender demonstrated a high consistency score of 98%, with 
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only 0.2% of the data showing inconsistencies, gaps in product department values showed 

difficulties in guaranteeing consistency across all product categories.  

 

These inconsistencies can disrupt inventory management mechanisms, thereby affecting stock 

replenishment cycles and supplier coordination. Because inventory decisions are often 

automated based on predefined product classifications, product attribute inconsistencies can 

lead to stock prediction errors, resulting in either excess inventory or stockouts (Sun and Huo, 

2021). 

 

Moreover, data inconsistencies can create significant pricing, categorisation, and warehouse 

management discrepancies, ultimately affecting the entire supply chain (Niemir and 

Mrugalska, 2021). For example, if a clothing item is categorised differently across multiple 

sales channels, inventory tracking systems may register duplicate stock keeping units (SKUs), 

leading to forecasting errors and inefficient stock distribution.  

 

This misalignment is particularly problematic in online retailing, where product descriptions, 

classifications, and stock levels must remain consistent across e-commerce platforms, physical 

stores, and third-party markets.  

 

Inconsistent data also affects customer-facing functions such as product recommendations and 

personalisation, reducing the effectiveness of tailored marketing efforts (Akram et al., 2021; 

Putra et al., 2022). When consumers encounter conflicting size guides, colour variations, or 

product details, trust in the retailer is compromised, leading to higher return rates and weakened 

brand loyalty (Hüner et al., 2011). 

 

To mitigate these challenges, retailers must implement robust data governance frameworks that 

enforce standardised product attributes across departments and sales channels. Master Data 

Management (MDM) systems play a crucial role in ensuring data consistency by centralising 

product information and synchronising updates across multiple business functions. 

4.3.5 Assessment of Product Attribute Data Accuracy 

Accuracy is a core data-quality dimension that represents how closely the data represent real-

world entities or events. In retail, accurate product attribute data is essential for improving 

customer experience, operational efficiency, and analytics. For example, attributes such as 
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clothing size, colour, style, and gender classification must be precise to ensure that customers 

can make informed decisions and avoid potential dissatisfaction. Accuracy also plays a role in 

seamless inventory management, reliable forecasting, and adherence to industry standards.  

However, maintaining accuracy is challenged by human error, supplier inconsistencies, and 

system limitations. Ultimately, this can reduce customer trust and business efficiency. 

 

The accuracy of the product attribute data was measured by evaluating each attribute's data 

against a predefined set of criteria. It is deemed inaccurate if an attribute's value does not align 

with established standards. 

 

Attribute Estimated Quality % Inaccurate Data % 

Genders 98% 2% 

Basic Colours 97% 3% 

Jeans Style 98% 2% 

Neckline 96% 4% 

Shoe Sizes 98% 2% 

Clothing Size Symbol 92% 8% 

Table 5: Accuracy Assessment of Clothing Product Attributes (Jeans, Shirts, and Shoes) in the 

E-Commerce Store 

Table 5 presents an assessment of the accuracy of key clothing product attributes in the e-

commerce context. Most attributes exhibit high quality levels, ranging from 92% to 98%, 

demonstrating the effectiveness of existing data management practices. Attributes such as 

Genders, Basic Colours, Jeans Style, Neckline, and Shoe Sizes demonstrated particularly 

strong accuracy, with Gender, Jeans Style, and Shoe Sizes achieving the highest quality at 98%, 

with an inaccuracy rate of only 2%. This reflects a consistent and reliable data validation. 

 

In contrast, the Clothing Size Symbol attribute showed the lowest quality at 92%, posing a risk 

of customer dissatisfaction and increased returns due to size mismatches. Similarly, the 

Neckline attribute, with a quality of 96%, suggests room for improvement. Addressing the gaps 

in attributes with higher error rates, particularly in attributes with higher error rates, such as 

clothing size symbols and necklines, is essential for improving data accuracy, reducing returns, 

and enhancing customer trust in product information. 

4.3.6 Theme 3:  Accuracy of Size and Style Attributes for Reducing Returns 

The accuracy of product attributes is essential for reducing return rates in the online retail 

industry. Attributes such as size, style, basic colours, and necklines directly influence 
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customers’ perceptions and satisfaction with their purchases. When these attributes are 

represented accurately, customers are more likely to receive products that align with their 

preferences and expectations.  

 

Conversely, inaccuracies in these details often result in dissatisfaction, leading to product 

returns that logistically and financially burden both the retailer and customer. Maintaining 

accurate data reduces the operational costs associated with processing returns and enhances 

customer trust, loyalty, and retention, which are the key drivers of success in competitive e-

commerce landscapes. 

 

In conclusion, maintaining the accuracy of key product attributes in e-commerce, particularly 

clothing product attributes, is vital to gaining a competitive edge. Precise data management is 

vital for driving business success by enhancing customer satisfaction, reducing returns, and 

fostering brand trust. Attributes, such as size, style, and colour, are pivotal in influencing 

purchasing decisions and ensuring post-purchase satisfaction. Accurate data consistently 

minimise costly errors, reinforcing a reputation for reliability and quality. 

 

Furthermore, accurate product data facilitates advanced analytics, personalised 

recommendations, and efficient inventory management, thereby enhancing the strategic 

position of e-commerce businesses in a competitive market. Ensuring the accuracy of these 

attributes is advantageous and essential for long-term growth and customer loyalty. 

4.4 Section 2: Data Analysis of Product Attributes 

In the second part of the Results section, we discuss how completeness, accuracy, and 

consistency affect e-commerce businesses from the perspective of users and creators. 

4.4.1 Theme 4: The Impact of Data Quality on Customer Satisfaction and Business 

Performance 

Participants emphasised the critical role of data quality in product attributes in enhancing 

customer satisfaction and business performance in online retail. Accurate and complete data 

are unanimously regarded as essential for building customer trust, improving product 

discoverability, and enabling informed purchasing decisions. Inaccuracies or omissions such 

as incorrect colour or size information were noted as significant contributors to customer 

dissatisfaction, lost sales, and diminished loyalty, underscoring the importance of maintaining 
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high data standards. 

 

The Head of Department noted, “Data quality is essential as it directly influences customer 

experience, product discoverability, and informed decision-making, ultimately impacting sales 

performance.”  

 

The Retail Analyst added, “Product descriptions and brand names are key to building customer 

trust and ensuring that shoppers are well-informed before making a purchase.”  

 

Incomplete description of product attributes may lead to unmet expectations and higher return 

rates. The quantitative findings in Table 5, “Completeness Scores of Product Attributes for 

Clothing Products (Jeans, Shirts, and Shoes) in e-commerce stores highlight missing values in 

key fields, such as gender and colour, and underscore the potential for data quality 

improvements to boost both sales and reduce returns. 

 

These insights demonstrate the direct connection between data quality and business outcomes, 

indicating that the poor data quality of product attributes could result in reduced conversion 

rates and higher return rates.  

4.4.2 Theme 5: Challenges with Supplier Data Consistency and Standardization 

Participants identified the primary challenge in managing product data quality as the 

inconsistency and incompleteness of the data provided by suppliers and merchants. This issue 

has been unanimously recognised as a significant barrier to achieving and maintaining high-

quality data standards. 

 

The Procurer noted, “A key challenge has been to submit standardized and comprehensive 

product attributes, as the data is often incomplete or incorrect.”  

 

This issue requires manual correction, which negatively affects the overall data quality and 

efficiency. This feedback underscores the need for reliable and standardised data from 

suppliers. 

 

The Head of Department added, “We are actively working to improve communication and 

training with suppliers / merchants to emphasize the importance of providing quality data”.  
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This feedback highlights the need for continuous attention to consistency and standardised data 

submission practices. Participants suggested that supplier training and standardised templates 

could improve data consistency; thus, engaging suppliers in data quality efforts and offering 

clear submission guidelines could reduce data inconsistencies. 

4.4.3 Theme 6: Role of Support Systems and Automation in Data Quality Management 

Participants discussed the tools and systems used to maintain data quality, noting the need for 

greater automation. As the Product Developer explained, “We use data validation tools and 

profiling techniques to identify discrepancies and errors in product listings before they go live.” 

 

However, many participants acknowledged that these processes are currently resource 

intensive and would benefit from increased automation. The Retail Analyst remarked, 

“Maintaining consistency in the large volume of data updates while ensuring accuracy and 

uniformity is labour-intensive and requires significant resources.” 

 

This theme underscores the importance of support systems in data-quality management and 

highlights the potential of automation to enhance these efforts. Manual data checks were 

identified as resource-heavy, and thus, a key bottleneck in data management. Participants 

agreed that automation could streamline processes, reduce manual effort, and enhance data 

quality and operational efficiency by minimising human errors. 

4.5 Section 3: Triangulation of Findings 

The analysis of product attribute data in Section 1 highlights the multifaceted nature of data 

quality with a focus on the critical dimensions of completeness, consistency, and accuracy. 

Completeness ensures that essential product attributes such as size, style, and colour are 

comprehensively populated to enable search, filtering, and categorisation functionalities.  

 

As highlighted in Table 5, attributes such as shoe size and jeans style exhibited high 

completeness scores, indicating effective data management practices. However, gaps in 

attributes, such as Gender and Neckline, indicate areas requiring improved data governance.  

 

These observations are supported by the insights in Section 2, where participants emphasised 

that missing or incomplete data negatively impact operational processes and customer-facing 
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outcomes. Specifically, the Head of the Department and Retail Analyst noted that incomplete 

attribute descriptions undermine customer trust, reduce product discoverability, and adversely 

affect conversion rates and returns. 

 

Consistency, as evaluated in Section 1, was measured through the alignment of Gender data 

with predefined product categories, achieving a high consistency score of 98%. This 

consistency is essential for operational efficiency, ensuring reliable product categorisation and 

inventory management, as emphasised in Theme 2.  

 

Meanwhile, the participants in Section 2 identified inconsistencies in supplier-provided data as 

a significant challenge, necessitating substantial manual corrections. This underscores the 

critical need for standardised supplier practices and automated validation systems to ensure 

ongoing data uniformity. 

 

Accuracy, another core dimension analysed in Section 1, demonstrated high-quality levels for 

attributes such as shoe size (98%) and Jeans Style (98%), as shown in Table 7. However, lower 

accuracy in attributes such as clothing size symbols highlights areas of concern that may 

jeopardise customer satisfaction and increase return rates.  

 

These findings align with the feedback provided in Section 2, in which participants stressed 

the strategic importance of accurate product attributes in enhancing customer trust and 

minimising operational inefficiencies. The need for automation and advanced support systems 

has been identified as essential for mitigating human error and improving the accuracy of large-

scale datasets. 

 

These findings underscore the interconnectedness between data completeness, consistency, and 

accuracy. Addressing deficiencies in these areas, particularly through enhanced supplier 

collaboration and the adoption of automated systems, is crucial for improving product data 

quality, optimising customer satisfaction, and achieving greater operational efficiency within 

the e-commerce sector. 

4.6 Chapter Summary 

This chapter comprehensively analyses product attribute data quality within the e-commerce 

sector, focusing on the critical dimensions of completeness, consistency, and accuracy. 
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Drawing on both quantitative data and qualitative insights from stakeholder interviews, this 

study explores the interplay between data quality management practices and their impact on 

operational efficiency, customer satisfaction, and business performance.  

 

Section 1 evaluates the performance of clothing product attributes, such as size, style, and 

colour, and uses metrics to evaluate completeness, consistency, and accuracy. While attributes 

like Shoe Sizes and Jeans Style excelled in completeness and accuracy, gender, neckline, and 

clothing size symbols demonstrated significant gaps, reflecting challenges in data governance 

and supplier input. 

 

Section 2 reinforces these findings by further exploring the user and creator perspectives on 

the data quality challenges of product attributes. Stakeholders emphasised the importance of 

accurate and complete data in fostering customer trust, enhancing product discoverability, and 

reducing returns. Key challenges identified include inconsistencies in supplier-provided data, 

resource-intensive manual corrections, and a lack of automation in data quality management 

processes.  

 

This chapter also underscores the strategic value of automation and supplier standardisation in 

addressing these gaps, with tools such as validation systems and MDM platforms playing a 

crucial role.  

 

Finally, the triangulation of the findings in Section 3 illustrates the interconnectedness of 

completeness, consistency, and accuracy, offering actionable recommendations to optimise 

data quality and driving competitive advantage in the online retail environment. 
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5 Conclusions and Recommendations 

5.1 Introduction 

This chapter provides a coherent narrative of the research findings and their implications by 

synthesising them. It assesses the validity and trustworthiness of the research process, the 

contributions made to both academic and practical knowledge, and the degree to which the 

research objectives were met.  

 

Additionally, it acknowledges the study's limitations and provides practical suggestions for 

additional research to improve our knowledge and control of data quality in e-commerce. 

5.2 Discussion of the Research Findings 

The findings are structured around key data quality dimensions, completeness, accuracy, and 

consistency, as well as emerging themes including data governance, tool usage, and the 

operational impact of poor-quality product attribute data. This integrated analysis demonstrates 

how theoretical models, such as the Total Data Quality Management (TDQM) framework and 

Master Data Management (MDM), apply in the practical context of online retail. 

 

Data completeness emerged as a critical challenge in both the interviews and the secondary 

data profiling. Incomplete fields were especially prevalent in attributes such as size, colour, 

and gender, particularly within categories like apparel and footwear. These findings strongly 

align with Zamani (Zamani et al., 2023), who describe completeness as foundational for 

enabling search functionality, filtering, and accurate categorisation in e-commerce. 

 

Interviewees reported that incomplete attribute data directly affects conversion rates, product 

discoverability, and return volumes, reinforcing claims made by González-Vidal 2022 that 

completeness is not merely a technical necessity but a business imperative. Moreover, the 

literature emphasises the interdependence between completeness and customer satisfaction 

(Petrović, 2020), which was echoed in interviews where product returns were linked to missing 

or unclear data. 

 

The accuracy of product attribute data, particularly for technical attributes such as weight, 

dimensions, and material, was found to be inconsistent. Both primary and secondary data 

indicated frequent errors, such as incorrect sizing or mislabelled colours. These findings 
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corroborate Pellegrino (2019), who argue that inaccurate data can disrupt downstream logistics, 

customer communication, and analytics workflows (Ayan et al., 2022). 

 

Respondents pointed out that inaccurate product information often stems from supplier-side 

errors, manual data entry, or misinterpretation of field definitions. These challenges mirror the 

concerns raised in the literature by (Azis & Irjayanti, 2024), who highlighted the risks of data 

inaccuracy for real-time retail operations.  

 

Furthermore, these errors compromise forecasting accuracy and promotional effectiveness, 

echoing insights from Zhang et al. (2022) regarding the risks of flawed product metadata in 

demand planning. 

 

Data consistency was another dominant theme, with several issues identified in how attributes 

are defined and populated across categories. Interviewees highlighted inconsistent naming 

conventions, duplicated values, and mismatches in size units (e.g., “Small” vs. “S”), which 

hinder both internal reporting and front-end customer experience. These findings are consistent 

with the work of (Jiang et al., 2025) who highlight that inconsistency weakens trust in analytics 

and reduces operational efficiency. 

 

The findings of this study reaffirm many of the theoretical perspectives outlined in the literature 

on data quality, while offering a practical, real-world case study situated within a South African 

online retail context. By aligning qualitative and quantitative insights with established 

frameworks (Al-Salim et al., 2022; Al-Zaytoonah et al., 2020; Wahyudi & Muhammad Isa, 

2023), this research demonstrates how the quality of product attribute data directly affects 

business performance, operational efficiency, and customer experience. 

 

Importantly, the results show that data quality is not simply a technical issue, but one of 

governance, capability, and cross-functional coordination (Sharma, 2024). Addressing these 

challenges requires a pragmatic, systems-oriented approach, informed by both the theoretical 

foundations of TDQM and the practical realities of retail operations (Khong et al., 2023). 

5.3 Summary of Quantitative and Qualitative Findings 

This study examined strategies for maintaining the quality of product attribute data, clothing 

product attributes in an e-commerce setting, emphasising the important aspects of correctness, 
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consistency, and completeness. The operational impact of missing or erroneous data was 

highlighted by quantitative data analysis, which revealed gaps in features such as clothing size 

symbols (accuracy at 92%) and gender (completeness at 66%). On the other hand, 

characteristics that demonstrated strong data management techniques, including shoe size and 

jeans style, demonstrated higher levels of completeness and accuracy. 

 

These conclusions were further supported by the qualitative insights gathered from stakeholder 

interviews, which revealed that inferior data quality had a negative impact on sales, product 

discoverability, and customer trust. Participants highlighted key challenges, including supplier 

inconsistencies, resource-intensive manual corrections, and inadequate automation. 

Collectively, the findings underscore the interconnectedness of data quality dimensions and the 

importance of robust data governance frameworks in mitigating these issues. 

5.4 The attainment of the research objectives 

The study successfully met the following objectives:  

● Identify relevant data quality dimensions to assess product attribute data 

● Identify data quality tools for data profiling 

● Find how inferior data impacts data mining projects 

● Determine what product attribute data is used for in business 

● Propose data quality metrics to ensure the quality of product attribute data 

 

This research effectively achieved its primary objectives by identifying completeness, 

consistency, and accuracy as critical dimensions for managing product attribute data in the 

online retail sector.  

 

Findings related to inconsistencies in gender classification and product descriptions directly 

relate to these dimensions, reinforcing the existing literature on data quality in e-commerce 

(Black and Nederpelt, 2020; Hassenstein and Vanella, 2022). 

 

Additionally, this study identified data validation and Master Data Management (MDM) 

systems as key tools for ensuring data quality (Sharma, 2024). The analysis highlighted the 

adverse effects of inferior data on demand forecasting, inventory management, and customer 

satisfaction, with consequences including increased return rates and weakened brand loyalty 

(Wang et al., 2023).  
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The findings of this study confirm that poor data quality profoundly impacts multiple aspects 

of e-commerce operations, particularly inventory management, customer experience, and 

financial performance. Inaccurate or incomplete product attribute data, such as incorrect size, 

colour, or stock levels, lead to inventory mismanagement, causing both overstocking and 

stockouts that disrupt supply chain efficiency.  

 

These findings align with Beiersdorf’s governance practices, highlighting how logistical data 

inconsistencies and delays in updating bills of materials contribute to operational inefficiencies 

and financial losses (Hüner et al., 2011). 

 

Customer dissatisfaction is also a critical consequence of poor data quality (Petrović, 

2020).Missing or inaccurate product details–such as misleading images or incorrect size 

charts–undermine consumer trust, increase purchase hesitation, and negatively affect 

conversion rates (Gil-Saura et al., 2020).  

 

Moreover, unreliable product data drive higher return rates because customers receiving items 

that fail to meet their expectations are more likely to initiate returns, escalating reverse logistics 

costs and eroding profitability. These findings are consistent with those of Sun and Huo (2021), 

who identify product attribute inconsistencies as a key driver of online retail returns. 

 

Furthermore, this study highlights the pivotal role of product attributes in driving inventory 

planning, procurement, and marketing strategies. To mitigate these challenges, this study 

proposes metrics such as accuracy rates, completeness scores, and error frequencies as practical 

measures for monitoring and improving data quality, thereby ensuring more effective data-

driven decision making. 

 

5.5 Validity and reliability of research 

Validity refers to the extent to which a study accurately measures what it intends to measure 

(Babbie, 2010). This research ensured validity by using multiple data collection techniques, 

including semi-structured interviews with key stakeholders, quantitative data analysis, and 

cross-referencing findings with the established literature. By triangulating these sources, this 

study mitigated potential biases and strengthened the overall integrity of the research process 
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(Tomaszewski, Zarestky and Gonzalez, 2020). 

 

The study effectively assessed key data quality dimensions–accuracy, completeness, and 

consistency–which align with existing data governance frameworks such as Total Data Quality 

Management (TDQM) and Master Data Management (MDM) (Hassenstein & Vanella, 2022; 

Wang et al., 2024b). 

 

These dimensions were carefully defined using widely accepted industry standards, ensuring 

that the constructs being measured were representative of real-world e-commerce data quality 

challenges. Additionally, this study incorporated qualitative insights from industry experts to 

validate the quantitative findings. Stakeholders, including product developers, curers, and retail 

analysts, provide perspectives on the impact of poor product attribute data on operations.  

 

These findings were cross-validated with empirical data on SKU completeness, error rates, and 

consistency scores to establish causal relationships between data-quality deficiencies and 

business outcomes. Pattern matching further reinforced internal validity by aligning observed 

trends with theoretical expectations from existing research (Gustafsson, Jonsson & Holmström, 

2021). 

 

The findings of this study are generalisable to other e-commerce businesses that face similar 

data governance challenges. While this research is based on a specific case study, its emphasis 

on industry-wide frameworks and benchmarking against global retail leaders, such as Amazon 

(Edosio, 2014), enhances its external validity.  

 

By leveraging comparative analysis, the study demonstrates that product attribute data quality 

challenges are not unique to a single organisation but are prevalent across online retail 

environments. However, limitations persist in generalising the findings to non-e-commerce 

industries or smaller retailers with different data management structures. 

 

A reliable study ensures that if different researchers apply the same methods under similar 

conditions, comparable results can be obtained (Adi Wicaksana et al., 2024). This study 

strengthened reliability through standardised data collection procedures, thematic coding of 

qualitative data, and rigorous data validation techniques.  
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Using structured data collection methodologies will ensure that the same approach can be 

replicated in future research. Moreover, the use of automated data validation tools and 

predefined metrics such as error rates, SKU completeness thresholds, and anomaly detection 

models enhances the consistency of future analyses using similar datasets.  

 

To maintain data reliability, data profiling techniques have been employed to assess 

inconsistencies, missing values, and duplicates in product-attribute data (Black & Nederpelt, 

2020). These assessments adhere to industry-standard practices and align with benchmarking 

methodologies used by leading e-commerce platforms (Timmerman et al., 2023). This 

structured approach enhances reliability, ensuring that repeated assessments using the same 

dataset produce consistent and verifiable results. 

 

The semi-structured interviews followed a predefined set of questions aligned with the 

literature and the study’s research objectives, thereby minimising interviewer bias and ensuring 

consistency across participant responses (Tomaszewski et al., 2020).  

 

Additionally, participant triangulation was used to compare insights from diverse stakeholder 

groups including product developers, procurers, and retail analysts. This approach facilitated 

the identification of common themes and reduced the risk of subjective bias in qualitative 

findings.  

 

Secondary data sources, such as case studies from Beiersdorf and industry reports on data 

governance, were incorporated to further enhance reliability. These external validations 

reinforced the accuracy of the study’s conclusions and provided an additional context for 

interpreting the primary data findings (Hüner et al., 2011).  

 

By integrating multiple validation layers, this study ensured that its findings were replicable, 

consistent, and robust, thereby making a valuable contribution to research on data quality in e-

commerce. 

5.6 Contribution of research 

This study addresses a critical gap in the literature by focusing on product attribute data quality 

within e-commerce, an area that has received limited scholarly attention despite its operational 

significance. While existing research extensively covers general data quality management 
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(Black and Nederpelt, 2020), few studies have explored the direct impact of attribute-level data 

on inventory efficiency, operational workflows, and customer satisfaction in online retail.  

 

By integrating quantitative data analysis with qualitative insights from industry experts, this 

study offers a comprehensive perspective on how key data quality dimensions–accuracy, 

completeness, and consistency–shape digital shopping experience and business performance. 

The findings reinforce the relevance of structured data governance frameworks, aligning with 

the principles of Total Data Quality Management (TDQM) (Wang et al., 2024b). 

 

Furthermore, this study highlights the direct correlation between high-quality product attribute 

data and improved customer satisfaction, which is a crucial factor in gaining a competitive 

advantage in e-commerce. Incomplete or inaccurate attributes, such as missing size indicators 

or gender classifications, impede product visibility, lower conversion rates, and increase return 

volumes (Petrović, 2020)  

 

By implementing standardised and structured product data, retailers can reduce customer 

frustration, create seamless shopping experiences, and foster brand loyalty (Bruzzone et al. 

2022). Maintaining consistent product information across web stores, mobile apps, and third-

party marketplaces also strengthens consumer trust, a key element in sustaining long-term 

market leadership (Lalou, Ponis and Efthymiou, 2020). 

 

Beyond enhancing customer interactions, this study underscores the critical role of data quality 

in optimising inventory management and streamlining supply chain operations. Industry cases 

like Beiersdorf’s governance framework demonstrate that structured data governance 

minimises manual adjustments, enhances inventory planning, and improves demand 

forecasting accuracy (Hüner et al., 2011).  

 

Conversely, inferior data completeness and inconsistencies can cause stock replenishment 

errors, leading to costly overstocking or stock shortages (Sun & Huo, 2021). Adopting Master 

Data Management (MDM) frameworks and automated validation techniques enables retailers 

to improve procurement accuracy, boost inventory turnover, and reduce excess stock, 

underscoring the financial benefits of robust data governance (Timmerman et al., 2023). 
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This study recommends that online retailers implement structured data governance models and 

automated validation mechanisms to strengthen their data integrity. Automated checks, such 

as SKU error detection and real-time anomaly tracking, can prevent inaccuracies before 

product listings occur (Haleem et al., 2022).  

 

Moreover, leveraging machine-learning-based data profiling enhances category consistency 

and reduces inventory misclassification and logistical inefficiencies (Tumpa and Dey, 2022). 

Given the significant role of supplier data contribution, fostering supplier collaboration is 

crucial, as enforcing data quality requirements at the source through supplier agreements and 

compliance frameworks can prevent errors from the outset (Dey Chowdhury et al., 2023). 

 

This study identifies several areas for future research, particularly opportunities to expand data 

quality frameworks to broader and more complex e-commerce ecosystems. While the current 

research focuses on a single retailer, further studies should examine how scalable data 

governance models can support omnichannel retailing and cross-border e-commerce.  

 

Moreover, given the increasing advancement and adoption of artificial intelligence (AI) and 

machine learning (ML) technologies, future research could explore AI-driven solutions for 

real-time data validation. Such advancements have the potential to reduce reliance on manual 

attribute standardisation and improve classification accuracy (Côrte-Real et al., 2020). 

5.7 Limitations of the study 

Despite its contributions, this study had several limitations. The case study's focus on a single 

online retailer department may restrict the generalisability of the findings to other business 

contexts.  

 

Additionally, the study’s reliance on self-reported data from interviews introduces potential for 

response bias. Participants’ perspectives may not fully represent the objective realities. 

 

Additionally, the absence of a longitudinal analysis limits the ability of the study to evaluate 

the long-term effects of data-quality improvements.  

 

Finally, while the study explored the importance of automation and advanced data quality tools, 
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they were not empirically tested, leaving their practical impact unexamined. 

5.8 Recommendation for future research 

Future research should concentrate on several key areas to expand the findings of this study. 

Comparative research conducted across several e-commerce platforms could broaden the scope 

and improve the generalisability of the results. Furthermore, investigating the use and efficacy 

of automated tools, including AI-based data validation systems, may offer useful advice for 

enhancing data quality.  

 

Longitudinal studies are advised to evaluate the long-term effects of data-quality interventions 

on customer satisfaction and business success. Addressing upstream data quality concerns also 

requires exploring methods to standardise and enhance supplier data. Finally, creating and 

evaluating thorough frameworks suited to the ever-changing requirements of e-commerce data 

governance offers valuable directions for companies to negotiate the challenges of online 

shopping. 

 

5.9 Conclusion 

This study examined how product attribute data quality is managed within an online retail 

environment, with a specific focus on the core dimensions of completeness, accuracy, and 

consistency. Guided by a pragmatic research philosophy and a mixed methods case study 

design, the research integrated qualitative insights from key stakeholders with quantitative 

profiling of product attributes within a major South African e commerce retailer.  

 

This combined approach provided a comprehensive understanding of how data quality 

challenges arise, how they affect business operations, and how existing frameworks such as 

Total Data Quality Management (TDQM) and Master Data Management (MDM) apply in 

practice. 

 

The study successfully achieved its objectives by identifying the relevant dimensions of data 

quality, examining the tools used for profiling and validation, assessing the impacts of inferior 

data on business performance, and proposing metrics to support continuous improvement.  

 

The findings demonstrated that completeness, accuracy, and consistency are not merely 
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technical considerations but fundamental drivers of customer satisfaction, operational 

efficiency, and strategic decision making. Quantitative results revealed significant gaps in 

certain attributes such as clothing size symbols (92% accuracy) and gender (66% 

completeness) highlighting the operational risks posed by missing or incorrect data.  

 

Conversely, attributes such as shoe size and jeans style exhibited strong completeness and 

accuracy, reflecting the value of standardisation and disciplined data management practices. 

Qualitative findings supported these results, with stakeholders consistently emphasising the 

consequences of poor-quality data for product discoverability, return rates, forecasting 

accuracy, and customer trust. Common challenges included inconsistent supplier submissions, 

labour intensive manual corrections, and insufficient automation to support large scale data 

maintenance.  

 

The study contributes meaningfully to the academic and practical understanding of data quality 

in e commerce by demonstrating how established models such as TDQM and MDM can be 

operationalised within a real-world retail context.  

 

The findings underscore that improving product data quality is not solely a technical exercise, 

it requires clear governance structures, cross functional alignment, and ongoing investment in 

automation and supplier education. 

 

Despite its contributions, the study acknowledges several limitations, including its focus on a 

single retailer. These constraints restrict the generalisability of the findings and limit the 

assessment of long-term impacts.  

 

Additionally, while automation and AI driven tools were identified as promising solutions for 

improving data quality, their effectiveness was not empirically tested within this research. 

 

Overall, this study demonstrates that product attribute data quality is a critical strategic asset in 

online retail, directly influencing operational performance, customer satisfaction, and 

competitive advantage. 
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