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Abstract
Uncertainty belongs to the daily life of decision makers. Be it in the public or in the private sector,
most decisions come with a risk of uncertainty. To mitigate this risk and help decision makers, several
techniques and tools have been developed, among which data analysis techniques and systems. Business
Intelligence (BI), and more specifically Self-Service Business Intelligence (SSBI) on which we focus in this
project, are examples of such techniques. SSBI aims to use the data available within an organization to
support people when they make decisions, and works on the promise that decision-makers will produce
their analyses by themselves, in a “do it yourself” mood. However, the range of usable data readily
accessible to decision makers is enormous and constantly increasing. This profusion of data makes it
really difficult for SSBI users to know what data to analyze and what data to ignore. The need is real
therefore to help these users to manage this data profusion phenomenon. In this project, we thus want
to find a way to help SSBI users to select the most important data for their own reporting. Our work
is illustrated with an application in the public sector. This paper presents the context, the research
questions, the methodology and the contributions that are targeted as part of this project.
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1. Context

Decision making is a central and critical process in any modern organization. Organizations
make numerous decisions – strategic or operational – on a daily basis. Deciding properly – at
the right time and with the proper information – has been long and is still recognized as a key
differentiation factor for companies [1, 2].

Making the right decision, however, is far from being trivial. The world in which decision
makers evolve is characterised by volatility, uncertainty, complexity and ambiguity [3]. Volatility
(V) because the organisation situation and environment are unstable. Uncertainty (U) because
issues and events are most of the time impossible to predict. Complexity (C) due to the volume
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of issues that confound. And ambiguity (A) due to the haziness of reality. We thus speak of a
VUCA world.

A natural answer to this VUCA world comes from the world of data, which advances the
promise of reducing uncertainty as a way to support decision making [4].

Business Intelligence (BI) is one way of realizing that promise. Indeed, BI systems are
designed to help decision makers in their strategic and operational decision making processes
by providing user-friendly and business-oriented access to integrated information [5]. BI
systems use analytical tools to derive complex information from operational data to increase
the timeliness and quality of the decision process inputs [5]. In order to achieve this, BI relies
on the articulation of a number of technologies, including tools to extract data from various
business data sources and integrate them in one centralized data repository [6]. This data
repository, ultimately, will be used to feed BI outputs as dashboards and reports (we will refer
to these as dashboards in the rest of this document). Dashboards are interactive interfaces
supporting the visualization and the analysis of performance metrics [7]. In order to represent
the organization of information in a consistent and flexible way, dashboards are most often
composed of indicators, graphs, tables and interactive features [8]. Most of the time, dashboards
are built manually (from scratch or by customizing off-the-shelf products) based on human
knowledge and experience [8].

Self-Service BI (SSBI) Systems propose an approach in which the end users – the decision
makers – choose directly the data and the visuals to use [9]. Three different levels of self-service
have been identified by [10]: (i) usage of information where end-users have access to the already
created information such as existing reports; (ii) creation of information where end-users
have access to disaggregated data and create the information themselves and; (iii) creation of
information resources where end-users even have the opportunity to discover new data sources
and to combine it with already existing corporate data. These three levels are presented from
the lowest level of self-reliance and system support to the highest level. By offering all these
possibilities to the end-users, SSBI reduces the time-to-delivery by removing all discussion
between the business and the IT – and therefore all subsequent requirements analysis effort and
validation – and improves the alignment of the SSBI outputs with the business requirements
[10].

The remainder of this paper is structured as follows. Section 2 presents the problem that we
address in this paper and the research questions of this project which aims to help SSBI users
in the selection of the most important data for reporting. In section 3, we detail our research
methodology. Section 4 elaborates on the five expected contributions of this project. Finally, we
conclude the paper in section 5.

2. Problem Statement and Research Questions

The adoption of SSBI faces some significant challenges, classified by [10] into two main cat-
egories: (i) the challenges about the access and use of data and (ii) the challenges about the
self-reliance of users. The first category is itself composed of various sub-problems [10]: (i)
making data sources easy to access and use; (ii) identifying data selection criteria; (iii) using
correct data queries; (iv) controlling the integrity, security and distribution of data; (v) defining



policies for data governance and management; and (vi) preparing data for visual analytics. The
second category contains four challenges [10]: (i) making SSBI tools easy to use; (ii) making
SSBI tools easy to consume and enhance; (iii) giving the right tools to the right user; and (iv)
educating the users for the selection, interpretation and analysis of data in a context of decision
making.

With the development of data over the last decades, organizations produce and manage
increasing amounts of data, so that data repositories in SSBI become more and more rich and
complex. While this phenomenon of data profusion creates several opportunities (such as
allowing decision makers to use this data to better understand the needs of their customers, to
improve the quality of their services, and to better predict and prevent risks [11]), it also impacts
directly the two categories of SSBI challenges presented above. First, the access and the use of
data becomes more difficult due to the fact that a bigger quantity of data must be managed and
accessed. Then, it also makes it more difficult for the users to be self-reliant because they may
drown in the volume of data.

One way to reduce the challenge of data profusion for decision makers in SSBI rely in offering
some guidance and assisting end-users in the selection of pieces of data that really matter to
them. In this project, we want to elaborate on the problem of data profusion for BI outputs with
a focus on SSBI outputs. More precisely, we plan to develop a SSBI framework designed to help
the end-users in the selection of the most important data for reporting.

We plan to address the problem above in the particular domain of e-government (or simply
egov) and more particularly smart governance. Egov is the field studying the way information
systems may be used in the public sector. This field is quite recent (late 1990s) and is rather
multi-disciplinary, combining fields such as public administration, information systems and
political sciences [12]. Egov covers notably smart governance, defined in [13] as "the intelligent
use of information and communication technologies (ICTs) to improve decision-making", what
BI and SSBI are specifically designed for.

This egov domain appears then as well suited to apply our work because an essential aspect
of smart governance is the access to timely and actionable information which can be eased by
ICTs, among which SSBI [14].

In order to treat these problems, we develop several research questions.

RQ1 How do cognitive loads influence the chance of adoption of a BI or SSBI output?
RQ2 Which selection criterion may theoretically be used to select the data to use in BI and

SSBI outputs to keep control on the cognitive loads?
RQ3 How can this selection criterion be operationalized practically to select the data that will

be used for reporting?
RQ4 What is the situation of the public sector in terms of current practices and needs for

decision making support, and more specifically BI and SSBI?
RQ5 How can we integrate the previous selection criterion into a SSBI process for public

decision making?



3. Research Methodology

The different research questions presented in the previous section are designed to feed each
other. RQ1 feeds RQ2 and RQ4 by supplying knowledge about cognitive loads. RQ2 feeds RQ3
with a theoretical data selection criterion for SSBI outputs. Finally, RQ3 and RQ4 both feed
RQ5 by respectively supplying an operationalized data selection criterion and knowledge about
the particular SSBI-related needs of the public sector. The articulation of the different research
questions is illustrated in figure 1.

Figure 1: Articulation of the research questions

In order to answer these research questions, a Design Science Research (DSR) approach
will regularly be used. This latter is a scientific problem-solving methodology that focuses
on the design of new and innovative artifacts in order to increase human and organizational
capabilities [15].

The goal of this approach is the creation of the "what is effective" based on a good under-
standing of the problem domain. To do so, a three-cycle view of DSR has been proposed in [16].



The relevance cycle initiates the project with an application context including the requirements
and the acceptance criteria to evaluate the results. The rigor cycle allows to incorporate past
knowledge to the project. Finally, the design cycle represents the heart of the DSR project and
consists of several iterations made of the construction and evaluation of an artifact and of the
production of feedback. Used iteratively and in an interrelated way, these three cycles allow to
refine the design of the artifact.

This approach is well adapted to our project (and to most projects with an information system
context) because it allows to focus on the creation and evaluation of creative IT artifacts that
will help organizations facing information-related tasks [15].

4. Research Contributions

Our contributions to the research questions mentioned above will be developed within several
studies that we present in this section.

4.1. Empirical Study on Cognitive Loads in BI Systems

Objective. In this study, we try to better understand the problem of overload that may rise when
a user is confronted to SSBI systems and more precisely dashboards. Indeed, while the aim of
SSBI and dashboards is to help decision makers to gain insights and to make better decisions,
some SSBI systems/dashboards are adopted while others are rejected. The aim of this study is
thus to create a Dashboard Adoption Model extending the well-known Technology Adoption
Model (TAM) in the context of dashboards.

Method. To achieve our goal, we plan to conduct a survey experiment where the respondents
are confronted to dashboards and are asked to adopt them or not. The presented dashboards
should vary in terms of informational and non-informational load. The responses will then be
analysed in order to develop knowledge that will be used to develop a Dashboard Adoption
Model based on the existing TAM model.

Related Work. Two main articles will be used as basis for our work. The first is the original
TAM model studying the factors of technology adoption [17]. The second is the work of [18],
studying the factors of adoption of hedonic information systems.

Current State of the Research. This study is finished and will be soon submitted in an article.

4.2. Decision-Making Data Value Taxonomy

Objective. Once we better understand how the cognitive loads impact the chance of adoption
of a dashboard, we want to investigate a way to better control these loads. As the problem of
data selection for reporting becomes more difficult with the growing amount of available data
and the content (i.e. the data used for) of a SSBI output impacts the cognitive loads, we want to
investigate a way to simplify this process of data selection. The aim of this study is to introduce
the concept of “decision-making value” as a selection criterion to determine which data should



be kept for reporting in a database. The underlying idea is that all columns within a database
are not equally valuable to a decision maker, and we want to identify those columns which
have the higher values. To do so, we define the concept of decision-making data value (DMDV)
and build a DMDV taxonomy.

Method. To fulfill our objectives, we realize a literature review on data value and its dimensions.
Then, we present a methodology to select the dimensions of data value to take into account for
decision making based on what we retrieved. Finally, we apply this methodology to build our
DMDV taxonomy.

Related Work. Different articles tackle the necessity to define the value of data. The authors of
[19] analyze four context-independent challenges of value-driven data governance retrieved
using the literature and their experience. In [20], a value assessment framework is presented
based on a decomposition of data into several characteristics. Our work differentiates itself in
the way we define data value.

Current State of the Research. The literature review has been performed and the method-
ology for the selection of the dimensions has been defined. Our taxonomy is currently under
finalization.

4.3. Decision-Making Data Value Assessment Framework

Objective. The aim of this study is to create a DMDV assessment framework based on the
taxonomy built in the previous study and to validate this framework with end-users. Indeed,
while the previous study stays theoretical, the goal of this study is to allow the identification of
the value-optimal set of columns for reporting and to validate it practically.

Method. In order to attain our goal, we develop metrics for the different dimensions of our
DMDV taxonomy and study aggregation techniques in order to combine these metrics into a
single indicator for DMDV. We consider different levels of granularity for our DMDV indicator
but we focus on the set of columns level. Optimization algorithms are also considered to find
a way to select the value-optimal set of columns for reporting. Then, we design a survey
experiment to compare the results of our algorithm with human choices. Based on the results,
we adapt our indicator.

Related Work. Several recent works exist on the assessment of the value of data. In [21], the
authors develop a data value assessment technique based on the survey of data professionals and
academics. In [22], an automatic and metric-based data value assessment approach is presented
and tested in a use case. Finally, the authors of [23] combine both the human input and the
data processing in their data value assessment tool. Our work differentiates itself in the way
we define and use data value. We do not use it to maximise a monetary aspect but to optimize
decision making.

Current State of the Research. Different aggregation techniques have been retrieved and



analyzed. We also identified several challenges to address for a robust metric for the value of a
set of columns. Finally, the survey experiment design is currently in progress.

4.4. Analysis of the Situation for Local Authorities

Objective. Local authorities belong to the organizations that have access to a huge amount of
data to analyze and that need to optimize their decision making. The aim of this study is thus
to analyze the current situation of Belgian local authorities in terms of decision making. Three
main questions will guide this study:

1. How do local authorities currently use BI, SSBI and information in general to make their
decisions?

2. Which needs do local authorities have in terms of BI, SSBI and information in general?
3. Are there significant differences in the responses based on the characteristics of the

studied cities?

Method. In order to perform this analysis, we use semi-structured interviews realised with
political and technical staff of Belgian local authorities. The heterogeneity in the questioned
people increase the strength of this study because we select people working in cities of different
size, technological development and rurality. Once the saturation threshold is reached, i.e. no
new observation emerge while performing other interviews, the results are analyzed using an
inductive approach.

Related Work. To the best of our knowledge, no existing study really approaches our objectives
at the time of writing. The closest studies are the following. In [24], the authors adapt the
Technology Acceptance Model (TAM) to study the factors that influence the usage of DSS by
Egyptian local authorities. In their study of 1995, the authors of [25] analyze the impact of
context and culture on the strong increase in information systems usage among local authorities.
Finally, the role and scope of information systems evaluation in the public sector are investigated
in [26].

Current State of the Research. So far, we interviewed around ten political or technical
participants coming from cities with heterogeneous characteristics and this allowed us to collect
a lot of information in order to gain insights about our research questions. More interviews are
planned as we did not reach the saturation threshold yet. The analysis of the results using an
inductive approach is currently in progress. Preliminary results suggest that there are significant
differences among cities and that the size of the city is one of the most important characteristic
to explain these differences. The biggest needs seem to be the centralization of the information
and a clear vision of the budget.

4.5. Value-Driven Self-Service Business Intelligence Framework for Local
Authorities

Objective. The motivation behind this work is that local authorities have a lot of data to manage,
often low technical knowledge and rather particular needs. This study aims to develop a value-



based SSBI framework specifically designed to help local authorities make better decisions.

Method. We analyze the different requirements identified in the previous study in order to focus
on the most important needs of local authorities. Moreover, we study existing SSBI solutions
in order to assess the way these needs and the concept of decision-making data value may be
integrated.

Related Work. To the best of our knowledge, there is currently no article trying to include the
concept of data value in a SSBI process for local authorities. The following works may however
relate to what we plan to do. In [27], the authors propose a hybrid BI solution aiming to enable
interoperability for e-Government systems. In [28], data mining techniques are used in a use
case of healthcare decisions to demonstrate that using such techniques may increase the quality
of decisions. Finally, the authors of [29] present a multidimensional model created to support
the financial department of local authorities.

Current State of the Research. As this study is based on the results of all the others, all the
progresses in the other studies represent a progress in this one. Moreover, we are currently
working on the exact scope of our SSBI solution for local authorities.

5. Conclusion

In this project, we want to tackle the problem of data profusion for decision making in the
context of BI and SSBI, with a focus on the domain of local authorities. In order to achieve
this global goal, we plan to investigate the concept of decision-making data value as selection
criterion, the specific requirements of the local authorities domain for SSBI and a value-based
SSBI framework designed specifically for local authorities. The different expected contributions
have been presented along with methodological propositions and the related works.
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