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Purpose: This paper aims to give an overview of the current state of research on 

measuring data quality. The identified methods will be applied to the task of dimen-

sioning capacities (e.g. warehouse capacities) in the field of supply chain design 

(SCD) to further increase trust in decision support and to make full use of the poten-

tial of analytics. 

Methodology: The data requirements for SCD decisions are identified through the 

combination of findings of a research project and additional literature research. 

Moreover, an overview on measuring data quality will be given according to a litera-

ture study. Based on the required data, the applicability of methods to measure data 

quality will be analyzed and an application concept developed. 

Findings: The quality of decisions can only be as good as the quality of the data they 

are based on. The article provides an overview of methods for evaluating datasets 

and develops an approach for measuring and evaluating data quality for the specific 

case of capacities in the SCD process. 

Originality: The adaption of approaches of measuring data quality to the problem 

of dimensioning capacities in SCD ensures an adequate evaluation of whether the 

data fulfills the required quality for the planning tasks. 
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1 Motivation 

Supply chains of companies have changed significantly in the last decades 

due to the advancing globalization. Company networks become more and 

more complex in order to serve the growing and changing market require-

ments. This makes the planning of supply networks, capacities, and inven-

tories increasingly complex. 

The services and products offered by the companies have become largely 

interchangeable, therefore there is an increased focus on flexible customer 

service, speed and adherence to delivery dates at the lowest possible prices 

(Wassermann, 2013). This development can be favored by shortened prod-

uct life cycles, fluctuating customer behavior and increasingly complex 

data structures in the supply chain (SC). As a result, the entire logistics SC, 

production capacities and shipping processes must react immediately to 

market fluctuations, when these cannot be planned in advance using fore-

casting methods (Erben and Romeike, 2003). 

To improve the quality of planning despite challenging environmental in-

fluences, methods from the field of data analytics are increasingly used. Es-

pecially the areas of forecast demand, production, promotion, pricing and 

delivery can be optimized with the help of new methods to thus meet the 

growing requirements of the market (Dash, et al., 2019). 

Nevertheless, the basis for the use of data driven methods is a valid data-

base of adequate quality. For this reason, a strong focus is placed on the 

preprocessing of the data base before the modeling of the data driven ap-

proach can be started (Gudivada, Apon and Ding, 2017). 
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To keep the data preparation effort as low as possible, the data quality has 

to be measured in advance and assessed for the specific case of applica-

tion. Due to the increased complexity in SCs, data is gathered at various 

points in the SC in more detail. The availability of large amounts of data of-

fers potential for the planning process of SCs as well as in operation and for 

optimizations. In a study from Statista on big data analytics and its SC out-

comes for companies it was indicated that 41% of the considered compa-

nies had faster and more efficient reaction times and 36% had an improve-

ment of efficiency in their SC exceeding 10% (Statista, 2014). The availabil-

ity of data is an opportunity and a challenge at the same time for SCs. New 

approaches and methods have to be adapted and developed to make use 

of their potential and make data-backed decisions (Waller and Fawcett, 

2013). This potential is most promising on a strategic level when the SCs are 

designed, since the basic structure is set up with its strategic partners, lo-

cations, and capacities. The dimensioning of capacities of areas like a ware-

house or in production are crucial for the operation of a SCs. If these deci-

sions are based on data with a poor data quality, adjustments demand 

enormous efforts. 

In the research project E²-Design the focus is to design a toolbox for com-

panies enabling them to include energy efficiency as an additional param-

eter in the strategic and tactical planning of SC networks. Thereby, energy 

efficiency extends the currently mainly used target parameters of the magic 

triangle: Time, costs, and quality/performance. One research question be-

ing addressed is dimensioning warehouse and production capacities under 

ecological aspects. Within the project it became clear that the optimization 
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depended to a high degree on the data quality, thus a concept was devel-

oped to determine data quality for the specific application of capacity di-

mensioning. 

This paper presenting the developed concept is structured into four sec-

tions. First, the basics of capacity dimensioning and data quality are intro-

duced. This is followed by the results of the literature search on the topic of 

methods for measuring data quality. In order to select a method, the spe-

cific requirements of dimensioning capacities were evaluated in this paper 

using a pair comparison and assigned to individual quality dimensions. 

Based on the resulting requirement profile a new concept was developed 

to determine the data quality in the best possible way, by connecting exist-

ing methods to fulfill the specific requirements of the use case. In the fol-

lowing chapter the SCD task model is described and the use case will be 

illustrated with a focus on dimensioning capacities to better understand 

the challenges of the research project. 
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2 Description of Use Case - Capacity dimensioning 

Due to globalization supply networks become more widespread leading to 

longer lead times. This increases the importance of an efficient SC, making 

it a decisive competitive factor and therefore, more emphasis is placed on 

the design on the SC. A SC is characterized as a network of suppliers, pro-

duction, warehouses, and distribution that transforms an input such as raw 

materials into finished goods, which are delivered to the customer supplies 

(Santoso, et al., 2005; Ketchen and Hult, 2007). In the SCD process the basis 

and long-time structure of the SC are planned and determined. The design 

process can be structured into planning levels and different tasks (Baghal-

ian, Rezapour and Farahani, 2013; Fattahi, et al., 2015). Based on a litera-

ture study by Parlings, Cirullies and Klingebiel (2013) vital tasks for the SCD 

process were identified, classified, and structured into a reference model. 

The model is structured hierarchically into three levels: superordinate SCD 

tasks, SC structure design and SC process design (see Figure 1). 
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In the superordinate tasks the most extensive choices for the SC are made 

(deciding on the SC strategy and targets). They must be aligned with the 

overall company strategies and goals. In the SC structure design the deci-

sions for make-or-buy must be done as well as the selection of strategic 

partners and facilities. Additionally, the allocation of products to locations 

for production and warehousing and dimensioning of their capacities is a 

crucial parameter for efficient processes. Especially in manufacturing the 

SC 
Strategy

Sourcing Process
Design

Distribution
Process Design

Production Logistics
Process Design

Design of Transport Relations

Supply Chain Process Design

Partner Selection

SC Targets

Facility Selection

Allocation

Capacities

Design of Communication and Information Processes

Make-or-Buy
Supply Chain Structure

Figure 1: SCD task model (Parlings, Cirullies and Klingebiel, 2013) 
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capacities are a key driver for capital costs. Higher capacities allow econo-

mies of scale, but when already produced quantities cannot be sold due to 

a lack in demand, utilization is low, and costs increase (Hsu and Li, 2009). 

In the SC process design the strategic decisions for the sourcing, production 

and distribution are synchronized with the communication process and 

transport relations. Within the three planning levels there is no hierarchy of 

tasks, as they are highly correlated. For the network to function holistically, 

integrated choices must be made on all levels (Parlings, Cirullies and 

Klingebiel, 2013). A holistic approach enables fast reactions when adjust-

ments of goals and strategies are necessary to comply with political or leg-

islative changes. With alignments such as designing a SC more energy effi-

cient, but still cost effective, new models and planning tools are being de-

veloped (Schreiber, 2019). Simulation is a useful tool to allow SC planners 

at strategic level to try out different priorities and see the impact before im-

plementation. However, in distributing capacities for e.g. warehouses the 

dependencies must be clarified. One of the main challenges is to find the 

appropriate level of abstraction for the use case so that data from the op-

erational level can be used effectively on the strategic level. This occurs es-

pecially with dimensioning capacities. The use case is from a company trad-

ing raw and processed materials and delivering the service to bring them 

customized to their client. The materials provided vary greatly in shape, di-

mension and weight. In all three characteristics restrictions may apply lead-

ing to a different need of warehousing and later different processing steps. 

Due to the variety of products there are around 200 product subgroups, 

which have different volume parameters. This increases the challenge of 

selecting ideal warehouse systems. 
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The dimensions, shape and product subgroup are the basis for the planning 

process and input for the dimensioning. Therefore, as they are part of the 

article master data, they have to be correct. Otherwise wrong areas of stor-

age types are defined, and the allocated products cannot be distributed ac-

cordingly in the warehouse. Not to mention the fact that the necessary 

equipment for processing might not be available at the dedicated location. 

The whole network is planned with locations all over Germany with differ-

ent warehouse systems including the capacities, transport between loca-

tions and also specialized locations. The dimensioning of warehouse and 

production capacities for each cluster is crucial. To further understand the 

challenges of the SCD task of dimensioning capacities the process is out-

lined in the next section and the importance of data quality is further de-

tailed in this use case. 

2.1 SCD Task: Dimensioning Capacities 

In the group of tasks defining the SC structure the location of production 

sites and the allocation of raw materials and products to these locations 

are decided together with dimensioning capacities in warehousing and 

production. These strategic decisions influence the SC long-term and ad-

justments are likely to be cost intensive. Network design is often only con-

sidered as a definition of the locations however the allocation of the variety 

of products to the sites and decisions on capacities and technology at each 

site are more complex (Fleischmann and Koberstein, 2015). 

Capacity is defined as the maximum performance of a system. In the case 

of warehouse and production capacities it is the number of products and 
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components stored or produced in one time period (Minner, 2018). Produc-

tion and storage capacity planning are closely linked due to their interac-

tion (Friemann, 2015). Capacity planning is typically on a long to medium 

term basis and is part of the corporate infrastructure planning. The decision 

between a few large and several small capacity adjustments is significantly 

influenced by economies of scale of dimensioning costs on the one hand 

and idle costs of unused capacity on the other hand. The strategic defini-

tion of a proactive (lead) strategy must be distinguished from a reactive 

(lag) strategy in the case of changing demands (Slack and Lewis, 2017). The 

planning of production capacities in cross-company SCs is particularly dif-

ficult if legally independent players cooperate with each other only tempo-

rarily (Werner, 2017). A lack of information exchange and communication 

within the SC makes capacity dimensioning for production and warehous-

ing difficult (Baumgärtel, 2008). For example, even slight fluctuations in de-

mand at upstream stages of the value chain can lead to large increases in 

demand. A small change triggers an ever-increasing change in final require-

ments in a downward direction, so that an inventory build-up occurs within 

the SC (Werner, 2017). A high number of different factors influence the level 

of capacity (see Figure 2). 
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Due to the high uncertainty in the long-term data (e.g. in the demand of fu-

ture products in specific markets, investment volumes, labor costs or ex-

change rates) flexibility and robustness of the SC have to be considered to 

reduce risks (Fleischmann and Koberstein, 2015). These factors are linked 

closely to variables on the tactical and sometimes operational planning lev-

els. This poses the challenge of selecting appropriate levels of abstraction 

(Friemann, 2015). 

On a strategic level one main input for dimensioning capacities is the de-

mand forecast based on potential markets to be served in the future often 

on an aggregated, annual basis (Friemann, 2015). On this basis, the capac-

ity configuration is carried out along with the decisions on the total capac-

ity required and it is distribution (Slack and Lewis, 2017). 

In the research project several challenges occurred in practical experience 

concerning the data. One obstacle is that process knowledge is in people's 

minds in different locations and not digitally available and editable. To 

Forecast level 
of demand

Changes in 
future demand

Uncertainty of 
future demand

Consequences 
of over/under 

supply

Flexibility of 
capacity 

provisions

Availability of 
capital

Overall 
level of 

capacity
Operations resources Operations resources

Economies of 
scale

Cost structure 
of capacity 
increment

Figure 2: Influencing factors for overall level of capacity (Slack and Lewis, 

2017) 



                  Evaluation of Data Quality in Dimensioning Capacity 365 

gather the required data, templates have to be developed so that all loca-

tions provide the data in the same structured way. Then the applicability of 

the template has to be approved by one business division, before it can be 

distributed to other divisions and locations. This process is time- and labor-

consuming, especially if questions occur. 

Another challenge is the wide portfolio of different products with diverse 

requirements. Additionally, planned products for the future should be con-

sidered. This means that either more flexible warehousing solutions have 

to be found or different systems have to be designed to accommodate all 

needs. Furthermore, for each product the master data must be filled in cor-

rectly in a quantified and understandable way. This includes a clear identi-

fier per product and the dimensions as well as all applicable restrictions 

with units. Preferably only relevant data for dimensioning capacities is in-

cluded in the dataset. 

Before starting the planning process the dataset has to be complete with 

an adequate quality for dimensioning capacities. To avoid the repetition of 

planning due to lacking data quality during the planning process, it should 

be checked beforehand whether the data quality requirements are fulfilled. 

Therefore, a systematic approach is needed for the use case of capacity di-

mensioning. To determine the required level of data quality, the theoretical 

background of data quality will be outlined in the next chapter. Addition-

ally, an overview of existing methods for measuring data quality will be 

given. 
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3 Foundations in Data Quality 

The aim of this chapter is to define data quality and to present and compare 

suitable methods for measuring data quality in the context of SCM. The high 

data density in the SCM area leads to a high potential in the areas of opera-

tional efficiency, customer experience and new product development. This 

means that a high level of data quality and the measurement of data quality 

provides a decisive competitive advantage in various fields of activity 

(Addo-Tenkorang and Helo, 2016). 

In order to measure the quality of a dataset, the term data quality must be 

defined and delimited in order to create a common basis. For this reason, 

the following section presents established definitions of data quality and 

introduces a list of existing assessment procedures. 

3.1 Definition of Data Quality 

An essential prerequisite for the use of innovative methods is high-perfor-

mance data management since data is understood as the basic framework 

of digital development. Only through further processing and preparation 

does the data become information, which can be integrated into planning 

processes (Oppenheim, Stenson and Wilson, 2003). 

An effective data management can be characterized by three essential as-

pects: 

 1. Control of data volumes  

 2. Decentralized data processing 

 3. Definition of data standards 
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In a survey, data managers from various industries were asked about the 

greatest challenges in the field of data management. The results show that 

data quality is regarded as one of the greatest challenges (Österle and Otto, 

2014). In order to make an appropriate assessment of data quality, the par-

ticular application must be taken into account (Jayawardene, Sadiq and In-

dulska, 2015). Basically, two concepts can be distinguished in the charac-

terization of data quality: Information technology focus and user-related 

focus. 

The approach of Information Technology Assessment of data quality fo-

cuses on the assessment of the data definition, the quality of the dataset 

content and the data presentation. These three modules form the basic 

framework for the definition of information technology data quality and 

were further detailed by English (1998). The detailing of the three quality 

modules are displayed in Figure 3. The first module focuses on the frame-

work conditions of the data collection. Only data that has been sufficiently 

specified can be used to measure quality. The second module concentrates 

on the correctness of the content in terms of unambiguity and complete-

ness. The last module deals with the availability of data. Parameters for this 

part are e.g. the time of availability and compliance with the format. 
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In contrast to the information technology focus, data can also be evaluated 

on a user-related basis. Here, the focus is on the properties of the dataset 

and surrounding data models (e.g. definitions and frameworks) are not fur-

ther considered. Based on the work of Wang and Strong (1996), Sidi, et al. 

(2012) defined four main components for the evaluation of user-related 

data quality with the help of an extensive literature research: Timeliness, 

Accuracy, Completeness and Consistency. These main components have 

been further detailed in numerous models, resulting in many subcatego-

ries. 

Especially well known is the model by Rohweder, et al. (2018) which is di-

vided into four quality categories based on 15 dimensions. The key differ-

ence between their model to Wang and Strong (1996) is that they do not 

Quality of data
definition

Content data
quality

Quality of data
presentation

▪ Data specification

▪ Business Rules

▪ Conditions for
integration

▪ Completeness

▪ Clarity

▪ Business rules
compliance

▪ Accuracy and
freedom of errors

▪ Timely provision

▪ Adequate data format

▪ Comprehensibility

Figure 3: Information Technology Assessment of data quality (English, 

1998) 
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consider security as a central quality dimension. Instead, they require se-

curity as a necessary basis for measuring data quality. In addition to the 

base model of Wang and Strong (1996), they introduce the usability (ease 

of manipulation) dimension. These fifteen quality dimensions can be as-

signed to four criteria: system-supported, inherent, presentation-related, 

and purpose-dependent. The following Figure 4 presents the model after 

Rohweder et al. (2018) (based on Wang and Strong (1996)) in detail with the 

four quality criteria and their focus for determining data quality. 

The previous section provided an overview of possible dimensions of data 

quality. It becomes clear that due to different perspectives it is not possible 

to give a general definition of data quality independent of the specific use 

case. For this reason, the following section presents existing methods for 

measuring data quality and examines their applicability to the specific use 

case of capacity dimensioning. 

System-
supported

Ease of
manipluation

Acessibility

Inherent

Reputation

Free of Error

Objectivity

Believability

Purpose-
Dependent

Timeliness

Value-Added

Completeness

Appropiate
amount of data

Relevancy

Presentation
related

Consistent
Representation

Understand-
ability

Interpretability

Concise
Representation

Figure 4: Data quality dimension connected to their quality criteria 

(Rohweder, et al., 2018) 
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3.2 Methods for Measuring Data Quality 

The literature offers a great variety of methods to measure and evaluate 

data quality. Since the focus of this paper is the application of data quality 

to the problem of dimensioning capacities in SCD, this paper does not give 

a complete overview about all existing methods for measuring data quality. 

Our research is based on the findings of Batini, et al. (2009), who compared 

many methods for measuring data quality and developed their own. In this 

paper, Batini, et al. (2009)'s overview is extended with more methods and 

metrics for measuring data quality. In our research we focused on the qual-

ity dimensions that were considered in each method and examined to what 

extent metrics were used or developed to determine quality. Based on the 

results, it can be said that there are very general methods for determining 

data quality that can be adapted to a wide range of applications. Many of 

them do not contain any metrics and consequently are always a subjective 

classification. Those methods often aim to improve data quality, rather 

than exactly measuring the quality. On the other hand, there are proce-

dures that objectively evaluate a single quality dimension in great detail us-

ing metrics, but do not consider the context of the use case. 

Table shows selected results from the literature review which are con-

nected to the presented use case capacity dimensioning: Name of the 

methodology and reference, abbreviation and main characteristics. In ad-

dition to the main characteristics the included quality dimensions and met-

rics are important criteria, illustrated in Table 2.  
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Table 1: Selected methods and main characteristics 

Methodology & 

Reference 

Abbre-

via-

tion 

Main characteristics 

 

Total Data Qual-

ity Management 

Wang (1998) 

 

 

TDQM 

 

 

 

 

- Systematic application of Total Quality Manage-

ment with for phases: Definition, Measurement, 

Analysis, Improvement 

- Continuous improvement of data quality in op-

erational processes within information systems 

Data Warehouse 

Quality  

Jeusfeld, Quix  

and  

Jarkeet (1998) 

 

 

 

DWQ 

 

 

 

 

 

 

- Measurement of quality objectives and design 

options in data warehousing 

- Perspectives: Conceptual, Logical and Physical 

- Classification of quality goals according to dif-

ferent stakeholder groups 

- Quality meta model provides notation for for-

mulating quality goals, queries, and measure-

ments 

Total Infor-

mation  

Quality Manage-

ment 

English (1998) 

 

TIQM 

 

 

 

 

- Processes and techniques for evaluating, opti-

mizing, and controlling the quality of data and in-

formation through continuous quality manage-

ment 

- Phases: Assessment, Improvement; Improve-

ment Management and Monitoring 



372 Lea Vliegen et al.  

 

Methodology & 

Reference 

Abbre-

via-

tion 

Main characteristics 

 

A methodol-

ogy for infor-

mation qual-

ity assessment 

Lee, et al. (2002) 

 

 

AIMQ 

 

 

 

 

 

- Information quality measurement based on sub-

jective assessment of quality (carried out by: Sur-

veys and benchmarks) 

- Components: Product-Service-Performance-

Model, quality of data products, Benchmark-Gap-

Analysis/Role-Gap-Analysis 

Data Quality As-

sessment 

Pipino, Lee and 

Wang (2002) 

 

DQA 

 

 

 

 

- Developing general definition of data quality 

metrics (subjective and objective) 

- Comparing the results of the assessments, iden-

tifying discrepancies and taking necessary ac-

tions for improvement 

Comprehensive 

methodology for 

Data Qual-

ity management 

Batini and Scan-

napieco (2006) 

CDQ 

 

 

 

 

 

- Combination of data- and process-driven strate-

gies for data and information quality optimiza-

tion 

- Selection of optimal quality improvement pro-

cess that maximizes benefits for set budget 

- Phases: State reconstruction, Assessment, 

Choice of the optimal improvement process 
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Methodology & 

Reference 

Abbre-

via-

tion 

Main characteristics 

 

Control Charts 

Jones-Farmer, 

Ezell and Hazen 

(2014) 

CC 

 

 

 

- Control charts for monitoring data quality in air-

craft maintenance 

- Multiple measures of the intrinsic dimensions of 

data quality 

Data Qual-

ity Manage-

ment in Data 

Warehouse  

Systems 

Hinrichs (2002) 

DQDW

S 

 

 

 

 

- Metrics for selected data quality dimensions to 

evaluate quality of data stock 

- Procedure for quantification of data quality 

aims for objectifiable, target-oriented evaluation 

- Enables largely automated measurement 

Met-

rics and meas-

urement  

methods 

for Data Quality 

Rohweder, et al. 

(2018) 

MMDQ 

 

 

 

 

- Metrics for dimensions: Completeness, Accu-

racy, Consistency, and Timeliness 

- Focus on the requirement of cardinality of met-

rics 

 

 

Metrics for Data 

Quality Assess-

ment 

MDQA 

 

 

- Metrics for dimensions: Completeness, Accu-

racy, Consistency, and Timeliness 



374 Lea Vliegen et al.  

 

Methodology & 

Reference 

Abbre-

via-

tion 

Main characteristics 

 

Blake and Man-

giameli (2011) 

 

 

 

 

 

Measuring Data 

Believability 

Prat and  

Madnick (2008) 

MDB 

 

 

 

- Metric for believability measured by trustworthi-

ness, reasonableness, and temporality 

- Provenance-based 

 

Health Data Qua

lity Indicator 

van Deursen, Ko

ster and  

Petković (2008) 

HDQI 

 

 

 

 

- Metric for reputation in healthcare 

- Considers reputation of information provider 

and metadata 

 

 

EigenTrust Algo-

rithm 

Kamvar, Schlos-

ser and Garcia-

Molina (2003) 

ETA 

 

 

 

 

- Metric for reputation in peer-to-peer file-sharing 

network with unique global trust value for each 

peer 

 

 



                  Evaluation of Data Quality in Dimensioning Capacity 375 

 

Table 2: Dimensions and metrics of methods 

Abbre-

viation 
Dimensions Metrics 

TDQM 

 

 

 

 

Accuracy, Objectivity, Believability, 

Reputation, Access, Security, Rele-

vancy, Value-Added, Timeliness, 

Completeness, Amount of data, In-

terpretability, Ease of understand-

ing, Concise representation, Con-

sistent representation 

- 

 

 

 

 

DWQ Can be set as objectives - 

TIQM 

 

TIQM 

Inherent dimensions: Consistency, 

Completeness, Accuracy, Precision, 

Nonduplication, Equivalence of re-

dundant data, Concurrency of re-

dundant data 

Pragmatic dimensions: Accessibility, 

Timeliness, Contextual clarity, Deri-

vation integrity, Usability, Rightness, 

Cost 

- 
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Abbre-

viation 
Dimensions Metrics 

AIMQ 

 

 

 

 

 

Free-of-error, Appropriate amount 

of data, Concise representation, Rel-

evancy, Completeness, Under-

standability, Consistent representa-

tion, Interpretability, Objectivity, 

Timeliness, Believability, Security, 

Accessibility, Ease of operation, Rep-

utation 

- 

 

 

 

 

 

DQA 

 

 

 

 

 

Accessibility, Appropriate amount of 

Data, Believability, Completeness, 

Concise Representation, Consistent 

Representation, Ease of Manipula-

tion, Free-of-error, Interpretability, 

Objectivity, Relevancy, Reputation, 

Security, Timeliness, Understanda-

bility, Value-Added 

Suggested percent-

age 

ratio 

 

 

 

 

CDQ 

 

 

 

 

Schema: Correctness with respect to 

the model, Correctness with respect 

to Requirements, Completeness, 

Pertinence, Readability, Normaliza-

Accuracy, Complete-

ness, Currency, 

Timeliness, Volatil-

ity, Consistency 
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Abbre-

viation 
Dimensions Metrics 

 

 

tion - Data: Syntactic/Semantic Ac-

curacy, Semantic Accuracy, Com-

pleteness, Consistency, Currency, 

Timeliness, Volatility, Completabil-

ity, Reputation, Accessibility, Cost 

 

 

 

CC 

 

Accuracy, Timeliness, Consistency, 

Completeness 

Accuracy, Complete-

ness, Consistency 

DQDWS 

 

 

 

 

 

 

Accuracy, Objectivity, Believability, 

Reputation, Relevancy, Value-

Added, Timeliness, Completeness, 

Amount of Data, Interpretability, 

Ease of Understanding, Concise Rep-

resentation, Consistent Representa-

tion, Accessibility, Access Security 

 

Accuracy, Con-

sistency, Complete-

ness, Amount of 

Data, Relevancy, 

Timeliness, Inter-

pretability, Ease of 

Understanding, Con-

sistent Representa-

tion 

MMDQ 

 

 

 

Ease of Manipulation, Accessibility, 

Reputation, Free of Error, Objectiv-

ity, Believability, Timeliness, Value-

Added, Completeness. Appropriate 

Completeness, Free 

of error, Concise 

Representa-

tion, Timeliness 
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Abbre-

viation 
Dimensions Metrics 

 

 

amount of data, Relevancy, Con-

sistent Representation, Under-

standability, Interpretability, Con-

cise Representation 

 

 

MDQA 

 

Accuracy, Completeness, Con-

sistency, Timeliness 

Accuracy, Complete-

ness, Consistency, 

Timeliness 

MDB Believability Believability 

HDQI Reputation Reputation 

ETA Reputation Reputation 

 

Due to the wide range of different methods, the optimal determination of 

data quality must always be based on the specific application. To connect 

the data quality requirements from dimensioning capacities to the meth-

ods for measuring data quality, the requirements will be selected in form of 

statements with assigned quality dimensions and later matched to the data 

quality measurement methods from this chapter. Based on the prioritiza-

tion of the quality dimensions, an own method will be developed for the 

use case of capacity dimensioning on the base of existing methods. 
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4 Concept of Measuring Data Quality in Dimen-
sioning Capacities 

The requirements for data quality in the use case of dimensioning capaci-

ties from chapter 2 are summarized as statements in Table. Since the meas-

urement of data quality and the weighting of the individual quality dimen-

sions is strongly dependent on the case of application, the requirements of 

the use case are compiled to select a suitable procedure. The statements 

were collected within the research project to detail the requirements for 

determining data quality. Each statement is assigned the relevant data 

quality dimensions and clustered in one of the groups: Master data (MD), 

context (C) and framework (F). 

Table 3: Statements of data quality requirements for dimensioning capaci-

ties 

Statement Dimension Cluster 

Digital form Accessibility, Ease of manip-

ulation 

F 

All locations have struc-

tured data in same way 

Consistent representation, 

Interpretability, Objectivity 

F 

Centrally available dataset Accessibility F 

Editable data format Ease of manipulation F 
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Statement Dimension Cluster 

Content relevant da-

tasets only 

 

Appropriate amount of data, 

Relevancy 

F 

 

Compressed, complete da-

taset 

 

Appropriate amount of data, 

Completeness 

F 

 

Master data of products 

must be maintained/ filled  

Completeness, Timeliness 

 

MD 

 

Correct master data/ relia-

ble data source 

Believability, free of error,  

Reputation 

 

MD 

 

Consistency of master data 

(target/ actual) 

Believability, Reputation 

 

MD 

 

Levels of aggregation of 

products (product key) 

Completeness, Appropri-

ate amount of data 

C 

 

All products from location 

must be listed 

Appropriate amount of data, 

Completeness, Relevancy 

C 
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Statement Dimension Cluster 

Unique identifier for each 

product (e.g. material 

number) 

Appropriate amount of data, 

Concise representation,  

Interpretability 

C 

 

Future products are in-

cluded 

 

Appropriate amount of data, 

Completeness 

C 

 

Current time horizon Timeliness C 

Units are clearly defined Concise representation C 

Restrictions for relation 

product - warehouse/han-

dling/machine 

Appropriate amount of data, 

Concise representation 

C 

 

No interpretation for  

attributes (e.g. material) 

Interpretability, 

Understandability 

C 

 

Quantifiable dataset Objectivity, Value added C 

 

For a structured comparison of these subjective statements there are two 

popular methods: Single stimulus and pairwise comparison method. In re-

cent literature it was shown that the pairwise comparison method leads to 

more accurate and reliable results (Mantiuk, Tomaszewska and Mantiuk, 

2012). In this method every object (criteria, alternatives, etc.) is compared 
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to all other objects on a scale from -2 to+2 (-2 meaning row is much less 

important than column, -1 row is less important than column, 0 both are 

equally important, 1 row is more important than column and 2 row is much 

more important than column) (Abdi and Williams, 2010; Zhang, et al., 2017). 

A decision per pair makes the choice easier than handling all choices sim-

ultaneously. After ranking each pair, the results can be displayed in a ma-

trix, sum totals can be formed per row, the characteristics are weighed and 

ranks can be assigned in the proposed order. Especially where direct meas-

urements are impractical the pairwise comparison method is of great 

value. The statements with the assigned dimensions are weighted, ranked 

and displayed by quality dimension in Table 4. The sum of the weighted 

points does not necessarily have to be zero, because the statements exam-

ined were assigned to different numbers of quality criteria. 

Table 4: Ranked quality dimensions for dimensioning capacities 

Rank 

Weighted 

points Quality dimension 

1 27 Free of error 

2 13 Concise representation 

3 12 Believability, Reputation 

4 4 Timeliness 

5 3 Completeness 
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Rank 

Weighted 

points Quality dimension 

6 0 Interpretability 

7 -1 Ease of manipulation, Appropriate amount 

of data 

8 -2 Value added 

9 -7 Relevancy 

10 -8 Understandability 

11 -10,5 Objectivity 

12 -12,5 Accessibility 

13 -19 Consistent representation 

This shows the five most relevant data quality dimensions for capacity 

planning: Free of error, concise representation, believability, reputation 

and timeliness. Applying the pairwise comparison also to the clusters, gives 

additional insights (see Table 5). 

Table 5: Ranked clusters for dimensioning capacities 

Cluster Weighted points 

Master data 11,33 



384 Lea Vliegen et al.  

 

Cluster Weighted points 

Context 2,11 

Framework -8,83 

This leads to the conclusion that for dimensioning capacities in the SCD 

process clear and correct master data is more relevant than the context and 

the least relevant, the framework. 

To identify a suitable method for dimension capacities in SCD the findings 

from this chapter are applied to the methods of assessing data quality, con-

cerning the five key dimensions as well as the clusters: Master data and con-

text. 

4.1 Framework for Measuring Data Quality in Dimension-

ing Capacities 

In the overview from Batini, et al. (2009) and in the additional literature re-

search the main findings were qualitative methods and approaches with a 

focus on specialized metrics. Also a few hybrid methods containing both 

aspects were found. The five most significant dimensions for the presented 

use case are: Free of error (Fe), Concise representation (Cr), Believability 

(B), Reputation (R) and Timeliness (T). Since these are only partially in-

cluded in the methods an overview of the approaches containing metrics is 

given in Table . 
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Table 6: Methods with metrics for top five quality dimensions of use case 

Method Fe Cr B R T 

CDQ X X   X 

CC X X    

DQDWS X X   X 

MMDQ X X   X 

MDQA X X   X 

MDB   X   

HDQI    X  

ETA    X  

Four methods contain metrics for the dimensions free of error, concise rep-

resentation and timeliness, but believability and reputation are not in-

cluded. Hinrichs (2002) includes these three metrics and additionally most 

other metrics as stated in  

Table (further metrics: Consistency, completeness, amount of data, rele-

vancy, interpretability and consistent representation). For better compari-

son of the individual formulas, the metrics are normalized to the interval 0-

1. Adapted metrics are presented to measure the dimensions on different 

levels: Attribute value level, tuple level, database level and relation level 

(Hinrichs, 2002). 
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After selecting the metrics from Hinrichs (2002) only three out of the five 

dimensions are provided. Therefore, the selection must be supplemented 

for the missing dimensions believability and reputation. These dimensions 

often tend to be estimated subjectively, but metrics can be found. These 

are presented in the following. 

For the dimension believability the metric of Prat and Madnick (2008) is ap-

plicable. In this method trustworthiness, reasonableness and temporality 

are identified as the three components of believability. The values for each 

component are calculated regarding their data provenance (Prat and 

Madnick, 2008). 

For the dimension reputation the metric proposed by van Deursen, Koster 

and Petković (2008) is fitting the requirements best. The method was devel-

oped for the application in the healthcare sector as a reputation-based 

health data quality indicator. This is especially relevant when patients pro-

vide their own information to health care providers and the quality cannot 

be guaranteed. The method was developed to address this problem and 

considers the reputation of the information provider and of the metadata 

provided by measurement systems (van Deursen, Koster and Petković, 

2008). 

Metrics have been identified for the five key dimensions. This addresses the 

challenge portrayed in Table with the most important cluster master data. 

Additionally, the second most important cluster, the context, should also 

be considered in this method. To meet this challenge a more general meas-

urement method for data quality must be identified, in which the metrics 

can be embedded. The best combination of existing methods depends on 

the use case and the focus of the important dimensions. For this use the 
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applicable general method called Data Warehouse Quality Method from 

Jeusfeld, Quix and Jarkeet (1998) seems appropriate to apply. All data qual-

ity dimensions can be considered, as the first phase of the methodology is 

that the relevant objectives in the form of quality dimensions are set. The 

method briefly described in Table is a general approach for measuring data 

quality. The core of the method is assessing heterogeneous information 

from different sources to be able to integrate the information uniformly 

into a data warehouse. One step is to set objectives according to stake-

holder groups that can also be quality dimensions. A quality meta model 

provides notation for formulating quality goals, queries, and measure-

ments (Jeusfeld, Quix and Jarkeet, 1998; Batini, et al., 2009). 

To combine the requirements from the use case dimensioning capacities 

and from the quality dimensions to cluster them into one solution, a two-

stage method was developed (see Figure 5). For the general data quality 

assessment, the method is strongly inspired by the Data Warehouse Quality 

Method from Jeusfeld, Quix and Jarkeet (1998). First, the context for the as-

sessment of data quality is defined. To formulate the quality goal, the pur-

pose of the project and the different stakeholders must be considered. A 

focus has to be set for at least the five key quality dimensions in the use 

case: Free of error, Concise representation, Believability, Reputation and 

Timeliness. In order to measure the quality goal a quality query is needed 

against which the goal is calculated by the measuring agent. This value is 

saved as the expected value, which marks the starting point of the allowed 

range of values. The next step is the quality metric, the formula used for 

measuring the quality dimensions set as goals. In this use case the metrics 

needed for the five key quality dimensions are from Hinrichs (2002), Prat 

and Madnick (2008) and van Deursen, Koster and Petković (2008). When the 
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metrics are calculated a time stamp will be saved along with the actual 

measurement. The result from the measurement provides a value, which 

by itself has no meaning, but it can be evaluated with the quality query to 

check if the value is permitted or not, which is the quality domain. The qual-

ity domain will be reviewed in continuous intervals. 

With the five key quality dimensions and master data and context consid-

ered a method for measuring data quality for dimensioning capacities was 

developed in this paper. 

  

Purpose Stakeholder

Quality Goal

Quality Query

Quality Metric

Prat and 
Madnick

van Deursen
et al. 

Quality 
Dimension

Timestamp

Actual
Measurement

Measuring
Agent

Quality 
Domain

Interval

Expected
Value

Data Warehouse 
Object

Value

Context

Free of error (Foe)
Concise representation (Cr) 
Believability (B)
Reputation (R) 
Timeliness (T). 

Use-case: Capacity
dimension

Hinrichs

Data Warehouse Quality Method (DWQ)

Figure 5: Two step methodology 
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5 Conclusion 

This paper describes the use case of designing SC networks regarding inte-

grating operative indicators in strategic planning. The research project's 

challenges occurred in the SCD task of dimensioning capacities with the 

quality of the available data for strategic planning. The challenge to meas-

ure data quality in the use case of dimensioning capacities was addressed 

in this paper. First the SCD tasks were outlined to further understand the 

context. Then the specific case of application was described and the oc-

curred challenges with data quality. After exploring the theoretical founda-

tion of data quality and methods for measuring and metrics were displayed 

it became clear, that the methods can be divided into two groups. On one 

side there are general methods that are defining guidelines, mostly with a 

focus on improving data quality, which tend to be subjective. On the other 

side there are specified methods and metrics that mostly focus on one di-

mension and consider a maximum of nine metrics. To measure the five 

most important dimensions from the use case along with the clusters of 

master data and the context, a new two-stepped methodology to assess 

data quality was developed. The integration of the general method and 

needed metrics to specifically meet the requirements of the use case pro-

vides a benefit for future planning. 

In the next step the developed two step method must be validated with a 

use case to be able to evaluate its applicability. After that it can be assessed 

if the model can be applied to a wider spectrum of use cases by changing 

the key metrics. Additionally, it is advisable to collect metrics for the dimen-

sions that are currently not considered in the developed method. 
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Future research is needed to adapt the metrics to the respective use cases 

and to develop an evaluation scale for classifying data quality in terms of 

the benefits that can be derived from the data (cost-benefit estimation). 
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