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Abstract—It appears that, in an increasingly digital world,
data is becoming more and more important for organizations.
In several real-world cases in the Netherlands, we have seen that
organizations struggle with issues such as: a) What data do we
have? b) Which data do we need for value creation? ¢) Which
strategic choices do we make around using data? d) Which
strategic choices do we make around managing data as an asset?
And ¢) Which skills do our people need in light of the previous
items?

The context for these organizations is different, but the
challenges are the same. Our position is that the use of models
can help to get to grips with the complexity of the aforementioned
challenges.

In this paper we explore a) the relationship between data and
models, and b) a framework that connects data management as
a means to care for data as an asset, and data as a means to
achieve strategic objectives of the organization. In developing the
latter, we follow a design science approach; we explore cases to
understand challenges and requirements for such a framework
as well as show how the framework helped to solve the challenges
in these organizations.

Index Terms—data strategy, data management, semiotic trian-
gle

I. INTRODUCTION

It appears that data-related terms (data strategy, data sci-
ence, artificial intelligence, becoming more data-driven, and
managing data as an asset) are increasingly popular in busi-
ness conversations and popular (management) literature. One
stakeholder involved in a recent consultancy assignmentﬂ (end
of 2023) lamented that “after years of riding the Lean and
Six Sigma wave, we now seem to have discovered that we are
about to drown in a lake of data if we’re not very careful”.

We agree that ‘data’ is important, yet also emphasize the
need for a holistic overview [27] of (the essence of) the
organization. For example, in the DEMO [7] method, the
notion of communicative action is seen to be essential and
equal attention must be paid to understanding the various
facets of communicative action — which includes processes,
data, and action rules [7]]. This is also what the aforementioned
sponsor alluded to: “We need to get grip on the organization
as a whole and not just from a single perspective.” Even
more, it aligns with the findings in our recent book [30]
where an integral view of organizations as enabler for digital
transformation is presented. We expect that most stakeholders
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in organizations know this too, yet struggle to deal with the
practical reality of having to deal with data-related challenges.

In [42]], we have reported an earlier case in which we
discussed the challenges of a pension fund provider in getting
to grips with data as an asset in order to use data for value
creation. Our hypothesis is that a better understanding of what
data is, and an associated framework, will help organizations.
This boils down to a belief that a better understanding of what
data is, fundamentally an ontological question, complemented
with a definition that positions the ‘data buzzwords’, and
puts these in perspective, will help organizations to effectively
leverage their data.

In this paper, we study three recent projects in light of
the aforementioned hypothesis and as a basis for proposing a
frameworkﬂ a) a (different from the one used in [42]) pension
fund provider, b) a drinking water company, and ¢) a major
harbor. We will first describe the three cases in Section [II]
and explain what the challenges were that we encountered
while working with these organizations. In Section [[II| we will
present an overview of the relevant literature in light of the
objective of this paper. We develop the proposed framework
in Section and reflect on this framework in light of the
three cases in Section [Vl Conclusions and future research are
presented in Section

II. THREE CASES

In this section, we present three cases, which are all situated
in the Netherlands, from the 2021-2023 period. The first author
of this paper served as a consultant in each of these three cases.
Names of people, products, etc. have been removed or altered
for reasons of confidentiality. The details of these cases are
reconstructed based on a) the agenda and meeting notes of
sessions, b) the project assignment (statement of work), and
¢) the deliverables of the projects. We present the cases ‘as they
happened’ based on this reconstruction. At the start of the next
section, we will present preliminary observations/conclusion
that will be the basis for the literature study.

A. Pension fund provider

We will use the abbreviation PFP as a place holder for the
name of this pension fund provider. A pension fund provider
typically has two lines of business: taking care of pensions of

2The first author of this paper was one of the consultants that executed the
projects.
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participants and investment to increase the value of financial
assets.

Initially, we were approached by (business) management
with the question: please help us to become a data-driven pen-
sion fund provider. A few meetings later, we had discovered
that PFP had no clear idea what they meant by the term data-
driven yet there was a strong belief that it would be a good
idea to use data to improve (efficiency of) processes, reduce
cost by eliminating work, experiment with smart technologies
(e.g. artificial intelligence), etc.

We started with an initial round of semi-structured inter-
views — which were intended to get a good understanding of
the maturity of the organization in managing data as an asset,
in using data for value creation, and for related foundational
aspects and capabilities. In the semi-structured interviews, we
used a fixed set of seed questions that were discussed in a
time box. We used a time box to ‘force’ the stakeholders to
present the most important insights first and to prevent them
from sharing too many less important details. We guided the
stakeholders along these questions and asked them to give an
assessment of the current maturity level (low/medium/high) on
various aspects of data management. This setup ensured that
we could compare the insights from the various stakeholders.
We did not need more detail and precision, so we kept it as
simple as possible.

From these interviews, we learned two things. First, we
found that stakeholders agreed that by and large the overall
maturity was lowﬂ Certainly it was higher in some areas
due to local expertise of specific individuals, yet the average
scores were low across the board. Second, we learned that
stakeholders have a very poor understanding of data and
its associated terminology. Basic terms such as ‘data’ and
‘information’ were used loosely and were misunderstood. As a
result, there was confusion about the distinction between data
management (loosely: the activities for managing data as an
asset) and information management (which in the Netherlands
is often positioned as the discipline that transforms the need
for information systems to solutions, often taking classic
business/IT alignment literature as a basis [[19] 28])).

In the workshops for designing a strategic vision (in the
form of a blueprint) and road-map for this organization, we
used the DAMA DMBOK [20] as a basis in conjunction
with the work on data strategy by DalleMule and Davenport
in [5] as well as our own publication in this area [13]]. During
the workshops, we learned that the group struggled with the
complicated nature of cause and effect in this context — which
we translated to a double means-end relationship as illustrated
in Fig. [} The DM activities are a means towards the end of
having a (healthy) Data Landscape, while the latter serves as
an end towards higher order business goals such as Reduce
cost, provide Better customer service and being More data-
driven. This helped us to achieve the desired outcome for this
project: once people understood this, it became easier to build

3We did not compute average scores and standard deviations but used a
qualitative assessment to arrive at this conclusion.
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Figure 1. Double means-end

the blueprint and road-map that will assist the organization in
achieving its strategic objectives. The shared terminology and
framework of means-end relationships provided the clarity that
helped the group to create a shared blueprint/road-map.

In the years that followed, we continued to help the orga-
nization — mostly through training. In these training sessions,
we again noticed the need to very clearly define key terms
(i.e. what is data? and why is that important?): the baseline
understanding of what we are dealing with in relation to the
double means-end relationship was important and profession-
als in various roles (business managers, data owners, data
stewards, analysts, etc.) all needed to hear that same story
in a coherent and consistent manner.

B. Drinking water company

The second case pertains to a drinking water company. We
will use the name DWC to refer to this company. The mission
of this company is to make water (drinking water as well as
water for industrial applications) and distribute it to customers
at an acceptable price. It is important to note that there are
several autonomous drinking water companies in the Nether-
lands. They mostly face similar challenges (some variations
on a theme, of course) and some are more innovation-minded
than others.

Drinking water companies are good at engineering. Build-
ing a drinking water factory is highly complex. building a
distribution network where quality and pressure of water is
carefully arranged for is a daunting task. Even in a country
with as much water as the Netherlands, managing the strategic
reserve of (sweet) water makes matters even more complex.

In this organization there were ‘mixed feelings’ about (the
use of) data. One the one hand it was said that “we make
factories and bring drinking water to our customers, we’re not
an IT-company.” On the other hand, it was also recognized
that a) we have to report on the amount of data (and pressure)
to the regulatory agency, ) we can use data to help predict
when we need more/less capacity, and ¢) we can use data
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(particularly with data science applications) to detect not only
that there may be a break down in the distribution system, but
also where. Getting traction in such a setting — particularly in
a setting where allocation of budgets is key to get things done
— was far from easy to say the least.

The double means-end relation that was mentioned in the
previous section was at play here too but in a different way:
some stakeholders saw it whereas others did not. Meaning:
some stakeholders recognized the need to manage data as an
asset as an enabler for getting value from (the use of) data, but
others did not. This also meant that only part of the group of
stakeholders understood that using data without effective data
management was a gamble at best (and pointless at worst).
And at the same time, some stakeholders were willing to invest
in basic capabilities for managing data as an asset in order to
“get the data house in order” — which fits with an engineering
mindset — whereas others were more interested in new ways
of using data.

Here, too, as basic understanding of data was missing,
particularly the fact that data can be used to give (partial)
insight in what otherwise remains hidden (i.e. what happens
in the distribution network underground at great distance). A
related challenge was the fact that it is difficult to understand
that data generated by operational technology (OT) and from
administrative applications and ‘regular’ information technol-
ogy (IT) can be combined depending on the purpose at hand.
The third main challenge had to do with data structures and
the capabilities of different types of systems. For example,
administrative systems are good at keeping track of what
happens but not so good at complicated historic data analyses.
Classic data warehouse technology is perfectly suited for
analyzing and reporting on historic data that is well curated,
but perhaps not so much for machine learning and artificial
intelligence applications. We again relied heavily on training
sessions (both a core group that worked on the vision and road-
map for this organization and for a selected group of business
managers) to improve the knowledge position. With our core

group, we developed a strategy that balanced between the two
concerns: grip on data and value from data. This is shown in
Fig. [2] which is inspired by [23|]. The vision and road-map
have been approved. Their realization is on-going.

C. Harbor

The third case pertains to a major harbor in the Netherlands.
This case differs somewhat in content from the other two.
We were approached to help in the following setting: a) the
organization was working on a new long-term strategic plan,
b) it was recognized that data and IT are key enablers for
this plan, but at the same time ¢) there were some significant
challenges with regard to IT. The request for help was three-
fold: help us to consider and make a plan for improving our
IT processes as well as to help us create a vision a road-map
for IT for the long term in light of current challenges and
the future direction. Given the sustainable orientation of the
strategy of this organization, we also recognize the need for
a sustainable approach for the IT landscape (see e.g. [17] in
which we published our thoughts on sustainable IS).

We worked with a small group of stakeholders that, com-
bined, represent the most important processes and departments
of the organization. The CFO of the organization, who enlisted
our help, was also part of our working team. In a series of
workshops over a limited amount of time (approximately 8
weeks), we developed the requested deliverables.

In light of the topic of this paper, two things stand out. First,
terminology was an issue. Basic terms such as ‘business pro-
cess’, ‘information system’, ‘data’, ‘functionality’, etc. were
very poorly understood. Particularly the discussion around
‘data’ versus ‘information’ turned out to be a tricky one: the
latter was more or less equated to ‘documents’ by one part of
our working group whereas the other part of the working group
saw ‘data’ as a representation and ‘information’ as a mental
construct (i.e., the information ‘payload’ for an actor is the
knowledge increment of that actor by studying the document —
a way of thinking that is close to that advocated in the FRISCO
report [8]], as well as elaborated in terms of infons [6] in [29]).

With this difference in understanding in our (small) working
group, we felt it was impossible to clearly define the relevant
IT-roles such as ‘information management’ (see again the re-
mark in Section and document (life-cycle) management,
let alone develop a blueprint and road-map for the future IT
landscape. Even though we had a limited amount of time for
the whole project, we spent a full session on synchronizing
terminology.

Second, the means-end relationships were fairly well un-
derstood. Our group understood that people, processes, data,
etc. are a means to an end. It took only very little discussion
to see that people management (HRM), process management
(BPM), data management (DM), etc. are means to take care of
these ‘ends’. This also very quickly lead to the realization that
a discussion on the IT landscape does not make sense without
considering the process context and vice versa.

This was also helpful in setting up the requested road-map.
In light of the sustainability values in the organization and



the realization that people, processes, data, etc. can be seen as
assets with a clear life-cycle, we worked with a two-pronged
approach in our road-map. On the one hand we worked with a
‘repair list” where we improved existing assets in light of the
new vision as expressed by the blueprint. On the other had, we
worked with ‘back casting’ where we attempted to brainstorm
gaps and improvement projects and clarify what would need
to be done to go from where we are to where we want to be.

Our involvement with this organization is on-going and
includes several aspects, notably: a) fleshing out the project
charters and road-map in much more detail to help start
up projects, b) support the project in which the big picture
overview of processes and information systems is fleshed out
in more detail, ¢) etc.

III. LITERATURE

The take-away from the three cases is as follows. First, we
found that (business) stakeholders have difficulty with ‘basic
terminology’. Key constructs such as the distinction between
data and information are difficult. This is the source of
further terminological confusion which seriously hampers the
discussions/sessions that are intended to help the organization
improve and achieve its goals. Given that our key concern is
‘data’, the first objective for the literature study is to define
this elusive term (Section [[II-A). Second, we noticed that the
story around the double means-end relationship was really
helpful We will explore the literature to better understand this
mechanism (Section [l1I-B))

A. Defining data

We used Web of Science (WoS) to explore the literature
around the definition of ‘data’ for the last 20 years. We filtered
out articles that are available online (either in WoS or via
Google Scholar) in English. The primary focus is academic
work, yet we also considered leading authors from practice.
We scanned abstracts (articles) and summaries (books) to
identify the main schools of thought. Note that our objective
here is to give an overview of these schools of thought rather
than present a full critical literature survey (see e.g. [41]]).

Before diving in, a small aside is required. We did find
many sources that deal with (the definition of) some specific
‘aspect’ of data such as: a) What is data ethics? b) What are
the five definitions of data integrity? ¢) What is the synthesis
of definitions of big data characteristics? d) etc. While these
are interesting, they do not directly answer our question: What
is data? Through snowballing and our earlier work we came
up with the overview presented in this section.

The prime author in the philosophical information theory
school of thought is Floridi. He has published a series of three
books on The Philosophy of Information (2011), The Ethics
of Information (2013), and The Logic of Information (2019).
As the titles suggest, the main topic of study is information.
In the preface of the first book it is stated that:

“The essential message of the book is quite simple.
Semantic information is well- formed, meaningful,
and truthful data; knowledge is relevant semantic

Thought of Reference

symbolizes refers to
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Symbol Referent

Figure 3. Semiotic triangle

information properly accounted for; humans are the
only known semantic engines and conscious inforgs
(informational organisms) in the universe who can
develop a growing knowledge of reality; and reality
is the totality of information (notice the crucial
absence of ‘semantic’).,” (|9, p. xiii])

Note that, according to this definition, semantic informa-
tion is data (that has certain characteristics) but also that
the universe is the totality of information. This begs the
question: What do we mean with (non-semantic) information,
and how can we define data? In chapter 8 of this work,
Floridi acknowledges that a precise definition is difficult to
say the least, yet sets out to provide one anyway, related
to different underlying philosophies (including [37]]). The
augmented general definition of information (GDIx) that he
presents is as follows:

“o is an instance of semantic information if and only
if a) o consists of n data (d) (for n > 1) b) that
data are well-formed (wfd) c) the wfd are meaningful
(mwfd = §) d) the § are truthful.” ([9 p. 104])

The ‘normal’ general definition of information (GDI) is the
same but drops the last clause, suggesting that information
need not be truthful. This leaves the definition of data. After a
brief discussion which refers (loosely) to semiotics, the notion
of ‘data’ is defined as:

“Datum =,, x being distinct from y where x and y
are two uninterpreted variables and the domain is
left open to further interpretation.,” ([9, p. 85])

It is explained the lack of uniformity can be in the real
world (i.e. the rings of a tree have different color which is
a difference that has some meaning), between perception of
symbols (i.e. a higher or lower charge in a battery), or between
symbols (i.e. different letters in an alphabet). This definition
is very general, and our interest is mainly in the latter type of
difference: between symbols.

This brings us to the second school of thought from the
field of linguistics in general and semiotics in particular. This
view largely hinges on the notion of the ‘semiotic triangle’
as illustrated in Fig. [3| Simplifying, the main idea behind this



triangle is that a symbol represents our understanding of some
domain (referent) such that it can stand for that domain [24].
In theory, the notion of a symbol links nicely to the notion
of differences in the theory of Floridi: a letter on a piece of
paper is definitely a symbol and is definitely also a difference
(between the white background and the black of the letter).
This is often extended with the semiotic ladder [39] which
connects the world of IT platforms (physical world, empirics,
syntactics) with the world of human information functions
(semantics, pragmatics, social world). Note that this way of
thinking is more specific than the Floridi school-of-thought:
it focuses very specifically on the IT-world which aligns with
the focus of this paper.

The work on semiotics was a key component in the devel-
opment of the FRISCO framework [8]. The weltanschauung
behind this framework is based on the following assumptions
(slightly paraphrased for brevity): a) The world exists, b) Hu-
mans are able to observe and perceive parts or aspects of the
world, ¢) Humans are able to form conceptions in their mind.
The collection of [...] conceptions in a persons mind is his
or her knowledge, d) A perceived domain may be conceived
as composed of identifiable components, ¢) Some things are
conceived as having a static existence (states), while others
are conceived as changes of some state (transitions). Hence,
a perceived domain may be conceived as having an existence
in a temporal context, f) Some transitions may be conceived
as being performed or brought about by some active things,
called actors. Such a transition, called an action, is performed
by that actor on passive things, called actands, and g) Per-
sons use representations to communicate their conceptions.
These conceptions are represented in some language on some
medium.

The interesting thing is that the FRISCO framework takes
the semiotic triangle as a starting point and extends it.
The actor (viewing the domain) is the starting point and
views/observes the domain (perception). This leads to thoughts
in the brain (conception) that may be represented using some
language — which maps on the notion of a sign in the semiotic
triangle.

Lately, the semiotic triangle has been extended further by
various authors . For example, in [31]], the notion of the
semiotic triangle is extended to a double semiotic triangle.
The key insight in this work is that one actor may produce a
sign (that captures our understanding of a domain such that it
can stand for that domain) but another actor may both observe
the sign that we have produced and the original domain, and
therefore has to independently verify whether the sign can
indeed stand for that domain.

Based on this exploration, we conclude that in the context
of organizations using data to create value, data: a) is a
representation, b) represents our understanding of a domain
(which is inherently subjective), ¢) such that it an stand for
that domain, d) suggesting that it has both structure (syntax)
and meaning (semantics) — otherwise the assessment that it
can stand for a domain cannot be made. We will use this
definition as the basis for the exploration of the double means-

end relationshi’]

B. Double means-end

A first attempt to explore the literature on the double
means-end relationship (‘data management’ is a means to
achieve ‘quality data’ which is a means to achieve a business
strategy) gave very little results. The query “double means-end
relationship” lead to a 2003-paper in the area of psychology
which is far from useful for our purposes. Reducing the
query to “means-end relationship” yielded 123 results. After
filtering for relevance, several useful articles remained, all
pointing towards ‘means-end chain theory’. We will give a
brief overview of these theories and illustrate them in light of
the objectives of this paper.

This remainder of this section is based on [1} 4, 21}, |34}, |40].
It should be noted that [[1]] presents a recent critical literature
review of relevant theories.

The ‘means-end chain theory’ (MEC) stems from the field
of customer behavior. It is intended as a theory that helps to
understand consumer behavior by building/mapping a cogni-
tive model of this behavior. It is based on a set of assumptions
that differs slightly in wording between the various authors.
The general idea is that

“MEC’s main assumption is that people do not buy
products for the products’ sake, but for the benefit
that their consumption can provide.” ([4])

It connects consumer needs to the consumer perception of
the product concept.

Consumers are presumed to be goal-oriented decision mak-
ers (This fits well with the purpose of this paper: in the
cases that we described, decision makers have to inves-
tigate whether/how/how much/where to invest in data/data
management.) Specific assumptions regarding consumers are:
a) consumers buy and use products depending on their eval-
uation of self-relevant consequences of these behaviors and
b) consumers are assumed to make voluntary and conscious
choices between alternative objects. In light of the work of
e.g. Simon [38], the results of MEC should be carefully
interpreted: consumers (and decision makers, for that matter)
may not be as rational as we think.

The typical approach for investigating behavior is the ‘lad-
dering technique’ which is an interview technique. It is not
particularly of interest for this discussion. The interested reader
is referred to [21] Section 2.3] for an overview.

The outcome of the analysis is of more interest. Different
structures have been described. For example, in [4] we see
a mapping approach based on values, consequences, abstract
attributes and concrete attributes. By contrast, in [40] we
see personal values, consequences, and attributes and in [21]]
we see attributions, consequences, and values. A common
principle that is used is that means-end relationships are
mapped out in an hierarchical way as illustrated in Fig.

4Note that this definition does not say anything about the shape or form of
data. Data can come in the form of a tuple in a relational database, a key-value
pair, an XML-tree, a word document, picture, video, etc.



This hierarchical assumption is challenged in [34] where it is
concluded that a directed graph may be more appropriate.
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Figure 4. Hierarchical value map of educational services. Adapted (abbrevi-
ated) from [40]

Last but not least, it should be noted that in [40|], Veludo-
de-Oliveira, Ikeda, and Campomar observe that some people
experience difficulties when dealing with different abstraction
levels during laddering interviews. We hypothesize that this
is also true for interpreting the outcome in the form of the
aforementioned hierarchical maps. This is particularly relevant
because we often see a similar effect when discussing data
management aspects as illustrated by the cases in Section
the difference in abstraction level between processes and tools
for collecting specific meta-data, related to the processes where
this data is used, the decisions that are based on them, and the
(strategic) outcomes that result from these decisions is often
hard to understand for professionals.

IV. FRAMEWORK

From the review of the literature, we have seen that, in the
given context, it makes sense to use a definition of ‘data’ based
on semiotics: data is a representation of our understanding of
some domain, such that it can stand for that domain. From
the review of the literature, we have also seen that means-
end thinking is — at least in the field of consumer preferences
— common. A useful insight is that the hierarchical nature
of such means-end relationships is challenged and that a
networked-approach may make more sense.

This means that we have two ingredients for the required
framework in place: a) a definition of data and b) a way
to connect data management to data to business goals using

the means-end relationships. In light of the three cases, we
believe that two things are missing still. First, we need a
way to help (business) stakeholders to better understand data.
Our experience is that stakeholders find data a) abstract,
b) complex, and often c¢) overwhelming in the amount of
data as well as the amount of types of data. This can be
overcome by creating useful abstractions that are visualized
and explained in a meaningful way. We believe that models
(more specifically: conceptual domain models) can help in
doing so. In earlier work [31] we presented the definition
of a ‘domain model’ that is also based on the semiotic
triangle. Key elements from this definition are: a) a model
is a representation that is externalized, b) it is a model
because stakeholders/modellers have assessed the fact that
the model can stand for (their understanding of) the domain
under consideration, and ¢) models are created with different
modeling goals in mind, allowing us to differentiate between
e.g. models for understanding, models for decision making,
etc.

With this in mind, we can essentiallyﬁ] define a conceptual
data model as ““a representation of (our understanding of) a do-
main, created for the purpose of understanding/conceptualizing
that domain, such that it can stand for that domain.” If we
are careful to take the understandability of the model into
account, then such conceptual data models should help us to
achieve our goal of appointing a tool to help stakeholders
understand data. A cursory review of the literature suggests
that, when creating the representation/model, we have to take
into account such factors as a) the language that is used,
b) consistency in verbalization and abstraction levels, c) the
size (number of concepts (elements and relationships) in the
model, d) modularity and consistent abstraction mechanisms,
e) etc. [2, 136, 43]. In our framework, we do not advocate
for a specific meta-model, framework, or even modeling
language (e.g. ORM2 [[18]] versus ER [3]] versus UML[25]).
Our sole claim is that models can help overcome the hurdle
of understanding data.

Second, we need to take into account that we should also
cater for non-hierarchical means-end relationships. Given our
experience in using the hierarchical model in the three cases,
we are inclined to leave this hierarchical nature intact at least
partially. The solution lies in extending the way of thinking,
and using a stratified approach, as follows:

« In the top layer of the model, we map out the mission,
vision, strategy of the organization. This represents the
ultimate ‘end’ that we wish to achieve.

e In the second layer of our model, we map out the
‘means’ that we can use to achieve that end: people,
processes, money, reputation, and of course data. These
are only useful if a) they are of sufficient quality and
b) when they are used in harmony, with a clear underlying
principle/architecture.

o The former point suggests that taking care of these
‘means’ is important. This means that underlying disci-

5 A more nuanced definition is provided in [31].



plines such as HRM, process management, finance, and
data management are means to achieve that end.

Taking this into account, we have developed the framework
as shown in Fig. [5]

Purpose
Mission Vision Strategy
A
End }
Data
Strategy
Means |
Resources
Y
People Process Data
A
Money
Iy
End Data
Management
Means |, Strategy
Management systems
Y
HRM BPM DM
Finance

Figure 5. Framework

Note the following key points. First, we have built up our
model in three layers: purpose of the organization, resources
that are needed to achieve this purpose, and management
systems to take care of these resources. This layering visualizes
the double means-end relationship. Second, note that in each
layer we have listed key elements that we believe to make
up this layer. For example, in the resources layer we have
listed people, process, data, money etc. In line with the
literature on means-end-chains, we take into account that we
need to go beyond mere ‘vertical’ means-end relationships:
alignment within each of the layers is also required. We have
omitted the visualization of this ‘horizontal’ alignment for
reasons of readability of the diagram. We do wish to point
out that links on the resources layer (i.e. data being related to
processes, because processes require and produce data) should
also be reflected in the layer of the management systems (i.e.
BPM and DM should be aligned). We hypothesize that this
is where disciplines such as enterprise architecture/business
design come in [22] 26} 32, [35].

The framework allowed us to also more clearly define often-
used terms: ‘data strategy’ and ‘data management strategy’.
The key publication — also used in our own work [13} |14] —

in this area is [5]. In this work, data strategy is positioned to
have an offense-aspect (value creation with data) as well as a
defense-aspect (taking care of data). We argue that this should
be split: the data strategy is defined as “the set of strategic
choices that are made about using data as an asset to realize
a business strategy” whereas a data management strategy is
defined as “the set of strategic choices on how to manage data
as an asset.”

The framework is abstract and high-level. In the three cases,
we learned that it is sufficiently concrete to open the discussion
about data, and data management, as a means to an end
and to help stakeholders understand the double means-end
relationship as well as related terminology. The framework
was never intended as a guideline for implementation yet it
did help in making design decisions about implementations.

Understanding

symbolizes refers to

~

abstraction stands for™~. .

~

stands for

Data Domain

Figure 6. Double semiotic triangle

This leaves the notion of using (conceptual) models as
a means to understand data, such that it can be used for
value creation. Popular data management frameworks such as
the DAMA DMBOK (e.g. [20]) have a functional area for
data modeling and design. This functional area deals with
the techniques to model data (at rest, in motion) in various
contexts (e.g. conceptual models for understanding a domain,
relational models for the design of transaction systems, star
schemas for the design of systems in analytical contexts). We
have defined a conceptual data model to be “a representation
of understanding of a domain, created for the purpose of
understanding/conceptualizing that domain, such that it can
stand for that domain.” This definition is very similar to our
definition of data: “a representation of understanding of a
domain such that it can stand for that domain.” Both are
representations, yet the abstraction level is different. This is
shown in Fig. [6] Positioning this double semiotic triangle in
our framework (Fig. [5), we observe that the discipline of
(conceptual) data modeling, as part of data management, is
a means to achieve the end of understanding data — one of the
key resources to achieve a business strategy.



V. REFLECTION

This leaves us with a reflection of the used framework in
light of the three cases that were presented in Section [l We
will follow the same structure as before.

A. Pension fund provider

One of the key insights in this project was the double means-
end relationship. If we look more closely at Fig. [T|then we can
already see hints of the fact that a simple hierarchical double
means-end (as was traditional in means-end chains) is too
simplistic. The diagram shows that data management activities
are a means to achieve the end of an effective data landscape
which, in turn, is the enabler to attain certain goals. Moreover,
these goals are also interrelated: “becoming more data driven”
is related to “better customer service.” The emphasis of
the engagement was on data. Other aspects (i.e. processes,
systems) were placed out of scope — deliberately. However,
they did show up during the engagement more than once:
it seems impossible to talk about (managing and using) data
without considering the context in which people use/produce
data (processes, systems). In the follow-up engagements we
mainly focused on training. During these training sessions,
particularly with the data owners of the organization, we
discussed this ‘broader’ perspective more than once.

The framework, particularly with the double means-end
relationship, as proposed in this paper would certainly have
helped to position and align certain discussions. Whether the
explanation about (conceptual) data models would have helped
remains to be seen. Our assessment is that there was such a
big aversion against modeling that the topic was more or less
‘off limits’ for a reason.

B. Drinking water company

The case of the drinking water company was very different,
if only because the culture of such organizations is different:
we typically deal with engineers. The whole topic of data/data
management was a difficult one yet — opposite to what hap-
pened at the pension fund provider — the use of (conceptual)
models was better understood (and in some cases: accepted).

One of the key discussions that we had pertained to the
balanced strategy between grip on data (data management
strategy) and value creation with data (data strategy). We did
not have the diagram of Fig. 5] available at the time, but we
essentially told this story. One of the ‘horizontal linkages’ that
was important in this project was the link between IT and OT
as explained previously. With simple models (both data models
and architecture models), we were able to show the linkages
between these two worlds as well as the need for an integral
approach to managing data as an asset.

Truth be told: the expectation was that we would create
more (conceptual) data models as part of this engagement.
Different priorities and difficulties in getting the topic of
data on the management agenda prevented us from doing
so. Whether more elaborate models would have helped (or
potentially: hindered) our cause remains to be seen.

C. Harbor

In the harbor case, we had to deal with the definition-
discussion, getting a shared understanding of data, informa-
tion, information system, the information-handling part of
business processes, etc. We did rely on a (previous incarnation)
of our double semiotic triangle as shown in Fig. [6] as the
foundation for this discussion. Our diverse stakeholder group
(including a project manager, analyst, security specialist and
other roles) quickly saw that a clear definition of terms
would help in speed and quality of the discussions. This was
mentioned explicitly in the after-action review.

The topic for this engagement was broad. Initially we had a
focus on the IT landscape and associated processes. Here, we
explicitly took the main business processes/value streams into
account in order to have sufficient context to understand IT and
data. Using a(n previous) incarnation of the thinking behind
the double means-end framework did help in coming up with
a balanced solution to the case. The ability to connect the
dots between processes, data, and systems on the one hand,
and supporting functions such as process management, data
management, and IT management on the other helped in the
quality of the final result.

VI. CONCLUSION

The motivation for writing this paper lies in the fact that we
see many organizations struggle to ‘get value from their data’.
The line of thinking that we have developed in practice is: in
order to help organizations to tackle their (data) challenges,
we need to get across that (making strategic decisions on)
taking care of data is key for (making strategic decisions on)
getting value from data. In our practical work, we had good
experience with using the line of thinking that we dubbed rhe
double means-end relationship. To help stakeholders see the
point, we have relied heavily on models, mostly of the boxes-
and-arrows sort, to convey key points. The objective of this
paper is to develop a framework that unifies these ideas such
that it becomes a basis to guide the thinking of stakeholders
when dealing with (data) challenges.

From the literature review, we learned that a) defining key
terms, even as basic as ‘data’ and ‘information’ is far from
easy, b) it makes sense to see ‘data’ as a representation of
our understanding of a domain such that it can stand for that
domain, ¢) means-end thinking is common and useful, yet
we should combine vertical and horizontal linkages to get
a full understanding. The last point (needing also horizontal
linkages) is a considerable extension to our thinking. We are
very much aware of the architecture perspective (paraphrased:
the way of thinking that focuses on the essentials, the big
pictures, from various perspectives) as can be seen from our
earlier publications (e.g. [[12, 15,16} 30,33]]). Yet, we had not
yet connected that sufficiently to the proposed framework.

Reflecting on the three cases, we conclude that the frame-
work is useful when organizations embark on their data/data
management journey.

To extend the framework, we propose to at least stick to the
three layers that we presently have: this seems sufficiently rich



to describe most aspects of the enterprise (Pareto rule) while
simple enough for business stakeholders to understand. The
main challenge is to work in the horizontal linkages. We intend
to do this by the architecture discipline in the framework to
ensure that both horizontal and vertical linkages are considered
when addressing (data) challenges of the enterprise.

Further validation of the framework is a two-sided chal-
lenge. On the one hand, we want an ‘expert perspective’
on the framework to assess completeness, correctness, and
expected usefulness of the framework. The group of experts
should straddle academia and practice to get a sufficiently
rich perspective. On the other hand, we also need to take
into account that ‘the proof of the pudding is in the eating.’
Meaning: we need to road-test our framework by applying it
in the field and assess its usefulness as objectively as possible.
This requires a multiple case study and is part of future
research.
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