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TOWARDS A DATA QUALITY INDEX FOR DATA
VALUATION IN THE DATA ECONOMY

Dusan Dokic ! Hannah Stein?

Abstract: Data represent a key resource for firm success, being used for strategic decision making
and increasing business process efficiency. Despite the large potential of data sharing within data
ecosystems or markets, firms are reluctant to do this, due to fear of losing competitive edges, lack
of trust and ambiguity regarding data value. According to prior research, data value vastly depends
on usage and quality. This paper focuses on data quality, as the lack of methods for quantifying data
quality is one main reason for missing comprehensible data valuation approaches. We analyze 15
existing data quality indices (DQI) from theory and practice, identify relevant data quality dimensions
and discuss metrics for applicability in data valuation approaches for data ecosystems and markets.
Based on a quantitative study, we propose a DQI concept for developing transparent, objective data
valuation methods, while providing a better understanding of inter- and intra-organizational data value.

Keywords: data quality index; data quality metrics; data economy

1 Introduction

The importance of data for the success of modern companies is non-debatable as data-driven
business models can be identified at the heart of multi-billion dollar companies like Facebook
or Telefonica [Fa20]. Data-driven business models are implemented to such an extent in
industries like insurance, banking, telecommunication, and tourism, that some already
regard them as data monetization industries [HN20]. One example for such business model
is the extraction and selling of raw behavioural customer data to third parties [WS22].
The relevance of data-driven business models is expected to increase, as data sharing
marketplaces and ecosystems are being increasingly addressed by current research and
practitioners [Ab21]. Data sharing within data ecosystems and the resulting increase in
data utilization is expected to create up to 30 percent of the world’s gross domestic product
[JT18] and to increase involved companies’ revenue. Engagement in data ecosystems is
regarded as necessity for future economic survival of organizations [SHS13]. This increases
the pressure on management to leverage existing technologies like artificial intelligence and
machine learning, which highly depend on data of high quality [ACS16]. A key challenge
in developing and operating such data ecosystems or sharing platforms is the determination
of data value and to express it in monetary units, so that participating data providers can be
compensated accordingly [Ge21].
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However, to the best of the authors knowledge, replicable and universally applicable methods
to determine monetary data value seem to be missing [ST17]. While many factors are
influencing the value of data [MW99], related work points to the fact that data quality
(DQ) represents a main value driver for data [OWO08, SM22]. This means that the value
of data cannot be assessed without assessing its quality first. Since data are the main
resource or “input’ in data markets, DQ valuation methods are likely to be at the heart of
any business model of such platforms and ecosystems, otherwise the value proposition will
not be delivered. Literature is unanimous that DQ represents a multidimensional concept
[WS96, PLW02]. Therefore, this paper will focus on the individual dimensions of DQ. To
measure the quality of data, it is necessary to measure the single dimensions of it first.
Research on data quality dimensions (DQD), their definitions and metrics already exists,
and will be discussed in more detail later on in the paper.

The aim of this work is to collect existing attempts of creating a data quality index (DQI)
and to analyze them based on the DQD and metrics they use. Based on these results, we
propose a first DQI model that that is equipped with guidelines about the structure of such
a DQI, what DQD are considered and what metrics are used. Our proposed DQI model
represents a sturdy starting point for assessing the quality of data in data ecosystems. The
remainder of this paper is structured as follows: in the second chapter, related work in
regards to data quality and data ecosystems is being discussed. This includes an overview
of 15 current examples of DQI. In the third chapter of this paper, the study design is laid
out and the study results are analysed for possible implications regarding our own DQI
model. Afterwards, the discovered data quality metrics are compared and filtered for their
applicability on data ecosystems in chapter 4. The fifth chapter synthesizes the results of the
previous chapters into a first proposal for a DQI for data ecosystems. Finally, a summary of
the paper results is given and limitations and future work are discussed.

2 Data Quality for Data Ecosystems

This paper focuses on analysis and differentiation of DQD and their metrics, since these
constitute the majority of a data quality index. We will elaborate on the metrics of the single
data quality dimensions in a separate chapter, as the metrics make up the most important
part for the data quality index.

Literature suggests that information might be more valuable than the actual technology of a
company and the discussion on measuring the value of information in a company goes even
back to the 1990’s [G193]. Numerous (research) domains such as mathematics, accounting
and logistics developed specific approaches in order to measure data and information value,
as well as DQ [Bol4, Wil2]. Other works that focus on the importance of DQ in general
and justify developing a measuring method for the same can be found across literature
[NS17, ORHOS, Rel9].
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Data Quality Dimension

Definition

Accessibility

The extent to which data are available or easily and quickly retrievable.

Appropriate amount of
data

The extent to which the volume of data is appropriate for the task at hand.

Believability

The extent to which data are accepted or regarded as true, real, and
credible.

Completeness

The extent to which data are of sufficient breadth, depth, and scope for
the task at hand.

Concise Representation

The extent to which data are compactly represented.

Consistent Representa-
tion

The extent to which data are presented in the same format.

Value-added

The extent to which data are beneficial and provide advantages from their
use.

Accuracy The extent to which data are correct and reliable.

Interpretability The extent to which data are in appropriate languages, symbols, and units
and the definitions are clear.

Objectivity The extent to which data are unbiased, unprejudiced, and impartial.

Relevancy The extent to which data are applicable and helpful for the task at hand.

Reputation The extent to which data are highly regarded in terms of its source or
content.

Security The extent to which access to data are restricted appropriately to maintain
its security.

Timeliness The extent to which data are sufficiently up-to-date for the task at hand.

Understandability The extent to which data are easily comprehended.

Portability Transferability to other usage targets, e.g., sales data, are additionally

used for product recommendations.

Tab. 1: Definitions of the DQD according to [PLW02]

DQ is often defined as ’the fitness for use’ and is regarded as a multi-dimensional concept
[WS96]. Thereby, DQ defines and provides DQD that are being reused throughout literature.
For example, a conceptual framework of DQ was developed, including 16 dimensions and
group them into four categories: intrinsic, contextual, representational, and accessibility
[WS96]. In addition, these authors developed further DQ assessment methods and metrics
and address data from a management perspective [KSW02, Le02, PLW02, WMLO01]. A
utility-driven measurement framework for DQD within a specific usage context points
to the fact that high DQ has a positive effect on business value[ESO7]. It ties the value
of data to specific assets in the company and links these to DQD like *Completeness’ or
’Accuracy’. Furthermore, practical examples for the use of these dimension in frameworks
and methods for assessing DQ are given. All above-mentioned works are crucial as a basis
for the development of a holistic approach for measuring DQ within the context of data
valuation in data ecosystems using a DQI. For the development of our own DQI we will
use the shortened list of [PLWO02] as the basis for developing the index and the associated
questionnaire. It includes the dimensions that are being regarded as relevant in the broad
literature and for which pre-evaluated questionnaire items already exist [WS96]. Still, not
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all dimensions are considered as equally important in literature. Some dimensions are being
renamed while keeping the exact definition. For example, ’Completeness’, *Timeliness’,
and ’Accuracy’ are being mentioned more frequently than others [CZ15],[Sel16] [Tal6].
Meanwhile, dimensions like ’Believability’ are sometimes exchanged with terms like
’Credibility’ [CZ15]. The full list of the DQD and their definitions are given in Table 1.

2.1 Data Quality Indices

An index is a model that is being used to capture the information of a multi-dimensional
theoretical construct by aggregating the different variables that make up the construct into a
single number [DB16]. An index turns highly complex constructs into an understandable
and comparable measure. This reduction in complexity comes with a loss of information
as the involved indicators are measuring different aspects of the construct that can’t be
directly compared with each other. While this trade-off between complexity and loss of
information is regarded as the main argument against such an index, there are plenty of
examples across various disciplines that leverage such indices to convey information in
a simple and understandable way to third parties [Un22]. Following the definition of an
index provided above, DQ fulfils all the requirements for the use of an index: it is complex
in its structure and depends on various dimensions that all measure a different aspect of
it. Literature suggested to develop and apply DQI more widely [PLWO02]. Since then, a
modest number of undertakings can be identified throughout the literature and practice that
have attempted to develop a DQI. In the following, we give an overview of these DQIs and
analyse them based on their weaknesses and strengths, their comparability, as well as the
DQD and their corresponding metrics. Finally, we extract implications for the creation of
our own concept of a DQIL.

Attempts to create an index for the assessment of DQ are scarce in literature, and those
that can be found are mostly context-specific. Table 2 gives an overview of some of these
indices. Further Indices can be found in Table 4 and 5 in the appendix. In total, we were able
to identify 15 DQIs from literature and practice. For instance, a DQI was used to identify
Nursing Quality Indicators for Reporting and Evaluation, using the DQD *Completeness’,
"Timeliness’, ’Accuracy’, and ’Consistency’[Na20]. They use a data set about prevention of
falls and fall injuries to show that an assessment through a DQI was possible and that a
specific value could be attached to the data set at hand. In another example, a DQI is used to
establish a data cockpit for the Bayer CropScience AG [EHO11]. They aim to harmonize the
data infrastructure of the 120 different national subsidiaries of the Bayer CropScience AG by
combining the master data of all subsidiaries into a so-called ’golden box’ and distributing it
from there to the regional systems. Their DQI is kept simple based on a ratio of a faulty data
set to the number of data sets in total. Inaccurate data sets are defined as the data sets that
violate one of the predefined business rules assigned to validation groups. As a final example
for the current use of a DQI, the European Central Bank (ECB) approach in Frankfurt can
be identified [SB16]. This DQI is aimed at banks that the ECB is supervising and uses the
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dimensions ’Punctuality’, ’Accuracy’, ’Consistency’, and ’Completeness’ amongst others.
This DQI is supposed to ensure the information submitted by the banks to the ECB is of
sufficient quality and to enable a comparison of the organizations.

Origin Data Use Case DQD Strength Weakness
Type

[EHO11] Process DQ cockpit  Unspecified; Comparable Company-
for improving, Business Rules  measure for specific;
monitoring, corporate  DQ  aggregation
comparing mas- monitoring; on validation
ter data across Measures pro- group level in-
subsidiaries cess relevant stead of DQD.
ERP systems. data flaws

[EBH13] Customer DQI-based sys- Completeness, = Example how Ambiguity
tem for control- Accuracy DQI can im- how DQD
ling DQ. prove DQ over are  assessed,

time. measured and
corrected.

[SB16]  Finance ECB- Punctuality, Traffic light sys-  No specific met-
Guidelines Completeness, tem based on rics provided;
for DQ assess- Accuracy, Plau- rating from 1 weights unex-
ment of data sibility (good)to4 (very  plained
from supervised bad / missing).
banks.

[Lel8] Corporate Automatic dis- Referential Automatic re- Indicators and
covering and re-  integrity, Date, view and dis- metrics lack
view of busi- Code, En- covery of busi- comprehen-
ness rules, incl. cryption and ness rules re- sibility; DQI
a DQIL Numbering duces complex- score is not

Pattern ity. explained.

[Na20] Healthcare DQI  assesses  Completeness, DQD and Chosen DQD
DQ for nurs- Consistency, metrics are  are non-holistic;
ing quality, Accuracy, Tim- explained context specific
evaluation and ing including for- weights; partial
reporting mulas. subjectivity.

[SWL20] Corporate DQI-based DQ Integrity, Example for the = Metrics for
assessment Accuracy, use of a DQI DQD values
system for a Timeliness, for comparing are unclear
cross-company  Uniqueness, databetweenen- as the values
batch manage- Consistency, terprises in the are already
ment system Validity, Stabil- same industry. ’provided’.
in the tobacco ity
industry.

Tab. 2: Overview of the existing DQIs from literature and practice - part 1

In order to be able to determine which DQD should be included in our model, a quantitative
study was conducted. The design and execution as well as the results of this study will be

discussed in detail in the next section.
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3 Study Design

We developed a quantitative survey aiming to rank the individual DQD according to their
importance for the companies and to determine possible weights for the later index. The
questionnaire was designed to address mainly data professionals such as Chief Data Officer
of companies. In the following, an overview of the questionnaire’s development as well as a
description of the conducted study is given.

3.1 Development of the study questionnaire

We follow the guidelines for creating a standardized questionnaire and which aspects have
to be considered [DB16]. As recommended by [DB16], the individual questionnaire items
were taken from existing literature [WS96]. A first draft of the questionnaire was tested and
discussed in a questionnaire expert conference where a total of 4 people, experienced in the
development of questionnaires, were interviewed and asked for comprehensive feedback.
The feedback was considered and incorporated until no more suggestions for improvement
were made.

The questionnaire is structured as follows. In the beginning, a brief instruction is given
on the questions’ structure and what the single scale points of the 9-point-Likert scale
mean. Thereby we aimed to simplify handling the questionnaire for the participants and
to prevent ambiguities. The structure of the questionnaire consists of title, instructions
on how the questions should be answered, content-related question blocks, statistical
information, a feedback field, and a concluding section. The first questionnaire item asks
the participants’ perception of the importance of the three data value dimensions, *Quality,’
’Usage,” *Timeliness’, concerning the value of data. These three dimensions have been
identified as potentially important for the valuation of data in a qualitative study [SM22]
and the survey at hand aims to verify this assumption. In the questionnaire, the associated
definitions of the dimension are given to clarify what is meant by the used terms. The central
part of the questionnaire aims to measure the perceived importance regarding different DQD
in terms of DQ. For this purpose, the list of already identified data quality dimensions by
[PLWO02] was adopted for the study. The list contains a total of 16 quality dimensions listed
in Table 1. It should be noted that the name of the dimension ’Ease of Manipulation’ was
changed to "Portability’. It should also be mentioned here that the dimension ’Free-of-Error’
named by [PLW02] is also often titled ’Accuracy’ in the literature. No original questionnaire
items were developed for the study, instead already validated items, rating scales and ranking
methods were adopted [WS96]. The original rating scale from 1 to 9 used by [WS96] is
used: 1 stands for Extremely important’, 5 for ’Important’, and 9 for ’Not important at
all’. For clarity and streamlining purposes, the 16 DQDs are divided into four blocks of 4
DQDs each. In each block, the question is repeated, and the definitions of the dimensions
are given. In the last part of the questionnaire, information on the participant’s company is
being captured [DB16]. This includes information on the domain, number of employees and
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target customer group. Furthermore, information on the participant’s years of experience
working with data and their current job title are queried.

The survey was conducted via Unipark, an online survey tool provider. The target group were
companies operating in the business-to-business sector. We followed numerous acquisition
strategies, e.g., through social business networks, our own network, cold calls, etc. In sum,
31 valid questionnaires could be used for analysis. The analysis has shown that 32 percent
of the participants are working in companies with less than 50 employees, while 42 percent
are working in companies that have employees in the range of 50 to 499 employees and 26
percent of the participants have answered that they are employed in a company with 500
or more employees. 58 percent of these 31 participants declared that they have 5 or fewer
years of experience in working with data. The remaining 42 percent declared that they have
more than 6 years of experience.

3.2 Study results

The responses were aggregated, and a mean was taken for each of the DQD rated by the
subjects (definitions of DQD can be found in Table 1). The dimensions were then ranked in
descending order of importance (lowest to highest mean value). The analysis results are
given in Table 2 and show that the dimension ’Believability’ has the lowest mean value
(2.19) and is perceived as the most important by the participants. The upper quarter of
the table also includes the dimensions *Value-added’ (2.26), Free-of-Error’ or ’Accuracy’
(2.52), and *Timeliness’ (2.61). In the last quarter are the dimensions ’'Reputation’ (3.29),
’Understandability’ (3.65), *’Concise Representation’ (3.81), and *Portability’ (4.19).

Data Quality Dimension Indicator | Mean
Believability B 2.19
Value-added B> 2.26
Accuracy B3 2.52
Timeliness Ba 2.61
Interpretability Bs 2.65
Relevancy Be 2.65
Consistent Representation B7 2.87
Accessability Bs 3.00
Objectivity Bo 3.06
Security Bio 3.16
Completeness Bi1 3.19
Appropriate Amount of Data B2 3.26
Reputation B13 3.39
Understandability Bia 3.65
Concise Representation Bis 3,81
Portability Bi6 4.19

Tab. 3: Importance of DQD by ascending means
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4 Data Quality Metrics

In the following, the different approaches to metrics for the previously described and
evaluated DQD are presented and explained. [PLW02] gives three forms that can be used to
develop such metrics and provide suggestions on which to use for what dimension. The
simple ratio of undesirable outcomes to total outcomes subtracted from 1 can be used for
dimensions like ’Accuracy’, ’Completeness’, ’Concise representation’, and *Relevancy’.
Applying this to the dimension of *Consistency’ leads to the following metrics:

Consistency

_1 number o f violations of a specific consistency type

ey

total number o f consistency checks

Accuracy
Number of incorrect data sets

=1 2

Total number of data units

To be able to use these metrics, a definition of what makes data ’incorrect’ has to be
introduced beforehand. Business rules can then be used to count the number of data sets
that do not adhere to the ’Accuracy’-rule.

Completeness

_ 1 Number of data sets with missing values

3)

Total number of data sets

For metrics like ’Appropriate amount of data’, ’Accessibility’ or *Timeliness’, a min-max
operator is suggested [Le06]. It can handle multi-dimensional input and leaves the option to
either be liberal or conservative in the aggregation of the values of the individual indicators.
While the authors do not give specific metrics for the dimensions they name, their work is
used as the theoretical basis for future studies that provide them [Le06].

Appropriate amount of data

Number of data sets provided Number of data sets needed

= min|

, 4
Number of data sets needed ~ Number of data sets provided @)

For this metric, the amount of data has to be specified beforehand. The min operator can
then be used to choose the smallest value of the given ratios.

Timeliness

Metric according to [Le06]

Currency

— 2 o 5
Volatility’ I )

={max[(1 -
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with Currency
= (delivery time — input time) + age (6)

and Volatility

=length of time over which the data remains valid @)

Delivery time stands for the time at which the data was delivered to the user, while input
time means the time at which the system received the data. Age represents the age at which
the system received the data. S denotes the exponent value and parameter that controls
the sensitivity of the metrics. If a value of S = 1 stands for no adjustment, a value of S
< 1 stands for less sensitivity and makes the metric for timeliness bigger. Following the
same logic, a value of S > 1 makes the metric more sensitive and returns a smaller metric
value[Le06, Ba98].

Metric according to [Gel8]

Number of data sets that have been updated since a chosen date

=100
*( Total Number of data sets

) (®)

Accessibility

Request time ons

= {max[(1 - €))

Relevance time’

In this metric, *Request time’ represents the current interval of time (in seconds) that it
takes from the request by the user to the deliver of the data to the user. ’Relevance time’
means the interval of time from request by the user to the time at which the data is no longer
of any use to the user. This metric is based around the definition that the earlier data is
delivered, the more valuable it is. As the first term would eventually become negative due to
the long delivery time, the max operator will limit the minimum to zero. Accessibility can
also be based on other approaches besides time depending on the context and should then
be calculated by aggregating the different methods [Le06].

Believability

= min(Believability of source;
Believability when compared to internal commonsense standard,
Believability based on the age of data ) (10)

The values of the three *Believability’ variables are rated from O to 1 by an individual who
has background knowledge and can therefore evaluate the credibility of the source of the
data. This metric for ’Believability’ is based on subjective opinion and personal experience
and is therefore open to biases and heavily context-dependent.



1046

For DQD like ’Reputation’, ’Interpretability’ and others, specific metrics with a defined
formula could not be found as they are very context-dependent and often subjective. The
general approach for handling these DQD is that data quality rules (DQR) are defined, at
best with the help of domain experts. The data sets are then checked for adherence to the
specific rules and the number of data sets that violate the DQR are counted. That number is
then divided by the total number of data sets verified by the rule and the result is subtracted
from 1. A general example for the described approach is shown in equation (11).

Number of data sets that violate DQR
Number o f data sets validated against DQR

an

Since DQR constitute a separate part of DQ and a detailed discussion of the topic is
beyond the scope of this paper, it is assumed in the following that the individual subjective
dimensions can be captured via such a DQR in combination with equation 11. This
assumption is based on literature that provides methods for the automatic discovery and
assessment of such rules [Le06].

5 Data Quality Index

We will now synthesize the results of the previous chapters towards a DQI for data valuation
in data economy. When analyzing the DQI, it was noticed that many DQD metrics are based
on DQR. This is due to the fact that use cases are usually very specific and no generally
applicable metrics exist, in contrast to dimensions like "Completeness", for example. Even
with DQDs for which general metrics exist, it is usually assumed that it is defined beforehand
what the individual dimensions mean within the application context. E.g., for the DQD
’Believability’, it must be defined what makes a data set believable before the metric can be
applied. For the DQI of this paper, we therefore conclude that in the first step, rules must
be created for each of the DQD. For each DQD, at least one rule should exist. Guidelines
and recommendations for the creation of such rules can already be found in the literature
[Lel8, Fal5].

Regarding DQD, it has been noticed that many existing DQIs consider very few DQD on
average or use context-specific labels but refer to the aspects of the DQD from literature. This
can be justified by the fact that the existing DQIs were mostly developed for a very narrowly
defined use case. This approach is certainly sensible in order to make users comprehend
what is assessed through each DQD. Since the goal of this paper is to design a DQI for data
valuation in data economy, we use the general DQDs proposed in the literature to ensure the
generalizability of the DQI [PLWO02]. If more specific DQDs need to be created in individual
cases, they must be assigned to one of the general DQDs afterwards to ensure manageability.
As for the number of DQDs to be used, it will certainly be difficult to check every record for
every DQD. Therefore, it seems advisable to make this decision depending on the data to be
considered. In a hypothetical data marketplace scenario, this decision could be made by the
buyer of the data as they define what constitutes high quality data in their use case. Since
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the previously described study found only a slight tendency about the importance of each
DQD, no DQD was excluded. However, a possible exclusion of DQDs would be justified
by the fact that many of these DQDs are very subjective or context-dependent and require
some domain knowledge to verify the correctness of the rules used.

Many of the existing DQIs provide little or inaccurate information regarding the metrics
used. In some cases, these are also very context-specific and difficult to understand for
non-experts. This is also reflected in the literature, as there are only a very limited number of
publications that precisely develop metrics for specific DQDs or provide guidance on how
these should be developed [Hel8, Fal5, Le06]. Our model uses the metrics of [Le06] in
combination with general rule-based metrics for the context-dependent DQD. Weights in an
index are a way to incorporate a certain dimension more strongly into the index or to make
the index more dependent on one dimension. Within the scope of this work, an attempt was
made to develop a possible weighting based on the ranking of the study. Since the differences
between the individual DQDs were not sufficiently large to make a meaningful difference in
the weighting, this approach was discarded and not pursued further. Reasons for this could
be that the number of participants was not sufficient and a more extensive study is needed,
or that the weights need to be considered in the context of different use cases. From the
analysis of the existing approaches, a multitude of different methods emerges to determine
a weighting. However, the basis of these weighting approaches are mostly estimations of
domain experts or statistical calculations, which calculate a suitable weighting based on
these estimations. For our model, we refrain from specifying a fixed weighting, as this
should be determined by those who want to acquire the data. Thus, in the implementation
it needs to be ensured that the party acquiring data is given an opportunity to customize
the weighting of DQ. In addition, the sum of all weights must equal 1. Otherwise the
aggregation equation will not provide the desired output of a value between 0 and 1. For
the aggregation of individual values, possible weights are multiplied by the values of the
DQD. The resulting weighted values are then summed up. The result is a value between 0
and 1, which represents the quality of the data considered. The higher the value, the higher
the quality of the data. It is also possible to multiply this value by 100 to give the DQI as a
percentage, if desired.

The resulting model is shown in Figure 1 which illustrates, how the implementation of a
DQI can reduce the complexity of multi-dimensional models. As mentioned in the previous
chapters, this reduction in dimension comes with an information trade-off. We were able to
observe this trade-off in our analysis of already existing DQIs. They lacked comprehensibility
in terms of how the DQI was calculated due to missing information either on the used rules,
dimensions or metrics. Therefore we recommend to introduce a mandatory description of
the data attributes, DQR, DQD and the metrics by the party that provides the data, when
implementing this DQI model into valuation approaches for data economy.
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6 Conclusion

Our work does not come without limitations and room for improvement. First, we used the
general approach to measure DQD. More precise formulas for the context-dependent DQD
could be analyzed and implemented. While the general formula is mainly sufficient, easy to
apply and provides a precise definition of DQRs, it cannot be guaranteed that this will do
justice to every DQD in every use case. Similarly, this paper could not go further in-depth
into the aspect of DQRs, which are a significant building block of the model. Although there
are some approaches how these can be created, in the current model, however, the buyer of
the data would have to check exactly whether the rules used also measure what they are
supposed to. This requires domain knowledge and the availability of detailed descriptions,
among other things. Since the study included only a small number of participants, the
results are not necessarily representative and were not sufficient to develop a well-founded
weighting of the DQD.

Future work should address these points and also examine approaches on how to automate
the assessment process, how to incorporate the DQI to data valuation methods, and creating a
service around the DQI. These points are especially important with regard to data economies,
as the amount of data that will be shared or sold there will certainly not allow for manual
valuation. A larger study could contribute to a reduction of the DQD and enable a more
generalized weighting. The possible study could also consider different use cases in order
to examine a possible difference in importance depending on the context.

In summary, in this paper we have gathered some basic arguments for a DQI and supported
them with examples of existing indices from academia and practice. We then analyzed,
compared, and evaluated these DQIs. Together with the results of a quantitative study, we
have then incorporated these results into our own DQI model, which draws on metrics
and suggestions from the literature. We therefore conceptualized a sturdy starting point for
further research on DQIs for data valuation in the data economy.
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Appendix

Origin Data Use Case DQD Strength Weakness
Type

[Ir21] Agri- DQI for rank- Accuracy, Gives an ex- DQD are
culture  ing sheep and Timeliness, ample for link- not separated

evaluating their ~ Completeness ing data quality ~ clearly
monetary value to monetary val-

based on breed- ues.

ing data and its

accuracy.

[HK15] Type- DQI for assess- Average so- Importance Same DQD are
inde- ing cases in a lutions per & usefulness measured by dif-
pendent case-based rea- case3; Countof of DQI for ferent criteria

soning (CBR) similar retained Al paradigms;
system queries*; Miss- Specific  DQ
ing Values> criteria for
CBR mapped to

general DQD.

[Kal7] Trading DQI to assess Data availabil- Integrate dif- Focus on
consistency ity, Import/ ex- ferent sources ‘“consistency”
in regards to port size ratio for the same dimension and
bilateral trade and share information to provides less
data reporting detect inconsis- insights  into
between coun- tencies in data  other DQD.
tries. sets.

[Hi] Health- DQI for Irish Correctness of Proof that DQI  Rules merely as-

care healthcare sys- entity specific implementation sess the record
tem records attributes leads to a for missing val-
system  wide ues; Unclear if

increase in data
quality

and how other
DQD are as-
sessed.

Tab. 4: Overview of the existing DQIs from literature and practice - part 2

3 reflects the following DQD:appropriate amount of data, concise representation, ease of manipulation, free-of-error,
interpretability, timeliness, understandability, value added

4 reflects the following DQD:appropriate amount of data, free-of-error, interpretability, timeliness, value added

s reflects the following DQD:appropriate amount of data, concise representation, completeness, free-of-error,
interpretability, relevancy, understandability, value added
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Origin Data Use Case DQD Strength Weakness
Type

[Ir21] Agri- DQI for rank- Accuracy, Gives an ex- DQD are
culture  ing sheep and Timeliness, ample for link- not separated

evaluating their ~ Completeness ing data quality  clearly
monetary value to monetary val-

based on breed- ues.

ing data.

[PA22]  Utility DQI for mon- Accuracy, Provide clear Lacks basics
Indus- itoring and Completeness,  structure for for metrics and
try improving DQ. Consistency, DQI using their applica-

Uses business Uniqueness, Va- business rules tion.
rules on data lidity, Integrity, and connecting

assets linked to  Timeliness them to DQD.

certain DQD

which are

weighted and

aggregated into

a DQI.

[Gel8]  Process Monitoring Timeli-, Unique- A high number Missing litera-
company pro- , Correct-, of DQD are in- ture on how the
cesses against Completeness, cluded into the metrics are be-
a desired DQI  Accuracy, Con- DQI; Metrics ing derived.
target. sistency, Non- are explained

redundancy, comprehen-
Relevancy, sively.
Uniformity,

Reliability, Un-
derstandability

[Jo18] Finance DQI to mea- Base year, Sys- Exampleofhow DQI is based
sure the quality tem of national DQIcanbeused on other indices
of income data accounts, The toestablishtrust which increases
of 154 countries  informal Econ- when data is complexity and
to rank them omy, Quality of self-reported. decreases trans-
by their trust- statistics, Cor- parency.
worthiness. ruption

[In21] Govern- DQ Framework Timeliness, Continuous Calculation of
ment based ona DQI  Comprehen- feedback the DQD values

to create a DQ  siveness, rounds for DQI  lacks compre-

standard  for Forward- improvement. hensibility due

transparent data  Looking to domain-

sharing. specific key
figures.

Tab. 5: Overview of the existing DQIs from literature and practice - part 3



