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Abstract. A Data Warehouse (DW) is one of the main components of
every BI system. It has been convincingly argued that the success of
BI projects can be strongly affected by the Requirements Engineering
(RE) phase, when the requirements of a DW are captured. Multiple RE
methods for DWs have been proposed which have goal models in the core
of their approach. Existing methods cover RE up to the static part of
a DW, where the Multidimensional (MD) model is obtained. However,
the RE for the dynamic part of the DW, where the requirements of
operations on the DW are captured, has been neglected in the literature.
In this paper, we propose a RE method, covering both the static and
the dynamic part of a DW in an integrated manner. Our approach is
to use the concept of a Key Performance Indicator (KPI). We initially
use KPIs as the main driver to obtain the MD model and then discuss
how decision-makers analyse them in order to measure the success of an
organisation. In our method, the goal model from the i* framework was
extended with UML use case diagrams.

Keywords: Data warehouse · Requirements Engineering · Key perfor-
mance indicators

1 Introduction

One of the main components of BI systems is a DW, which integrates data from
different data sources and structures them to be used in analytical systems. DW
systems are sometimes developed based on an incomplete and inconsistent set
of requirements, causing many BI projects to fail [13,16]. This means that the
success of BI projects can be strongly affected by the Requirements Engineering
(RE) phase. In general, RE is defined as the process of discovering the needs of
involved stakeholders and supporting those needs by modelling and documenting
them in a form that is analysable and communicable. In order to support RE for
DWs, multiple methods have been proposed in the literature, which are based
mainly on the Goal-Oriented Requirements Engineering (GORE) approach
c© Springer International Publishing Switzerland 2015
M.A. Jeusfeld and K. Karlapalem (Eds.): ER 2015 Workshops, LNCS 9382, pp. 198–209, 2015.
DOI: 10.1007/978-3-319-25747-1 20



Model-Based Requirements Engineering for Data Warehouses 199

[4,6,10–12]. This approach uses goals for eliciting, modelling, analysing, negoti-
ating, and modifying requirements.

Most of the RE methods for DWs use GORE frameworks like i*, URN, and
KAOS to capture strategic goals of an organisation, alternative decisions to
achieve such goals, and required information to support the analysis needed for
decision making. Eventually, information requirements are structured into facts
(the focus of analysis) and dimensions (the context of analysis), which are the
elements of the multidimensional (MD) model. Current research works cover RE
up to obtaining the MD model of a DW [2–8,11,15]. The MD model refers to the
static part of a DW. RE for the static part has received much attention while
RE for the dynamic part, defined as the operations conducted on a DW, has
been neglected in the literature.

To the best of our knowledge, there is no RE method in the literature that
covers both the static part and the dynamic part of a DW. The goal of this
paper is to develop a RE method for DWs covering both the static part of DWs,
from where the MD model is obtained, as well as the dynamic part of the DW,
where the requirements of operations on the DW are captured in a coherent and
integrated manner. This integrated approach helps to align the data required to
be stored in the DW with the analytics conducted over the data.

Our approach uses the concept of KPIs. KPIs are complex measurements used
to monitor the performance of business processes and strategies in an organisa-
tion. KPIs are usually included in dashboards, providing a detailed view of each
specific area of the organisation [14]. Based on how KPIs are calculated, they are
called atomic or composite [1]. Atomic KPIs are those whose values are obtained
from data sources. Composite KPIs are those whose values are obtained from
other KPIs (called component KPIs). In the RE context, we use the concept
of the composite KPI to evaluate the degree of fulfillment of a strategic goal,
and the concept of the component KPI to evaluate the performance of various
business processes.

Our method uses KPIs as the main driver to obtain the MD model and then
discuss how decision-makers analyse KPIs in order to measure the success of an
organisation. Our method has the following key features:

– We offer a model-based RE method for DWs, where models provide the basis
of requirements artefacts.

– We apply the GORE approach to develop our RE method. The GORE app-
roach is useful to represent how an intended BI system meets organisational
goals [4]. Among the existing GORE frameworks, we chose goal modelling
techniques of the i* framework to cover the RE for the static part of a DW.

– We extend goal models with modelling techniques of the object-oriented app-
roach like UML, when the RE for the dynamic part of a DW is captured.

2 Running Example

We illustrate the proposed method with a concrete example from the health
care sector. In the pharmaceutical industry, Adverse Events (AEs) are crucial
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for pharmaceutical companies needing the assessment of drugs. An AE is an
unexpected and harmful reaction resulting from the use of a prescribed medica-
tion. Pharmaceutical companies typically need to collect AE data and carry out
analytics over AE data to make well-informed decisions in order to avoid AEs.
In this regard, we aim to analyse requirements of a BI system which enables a
company to follow up its strategic goals relevant to AEs, to observe the current
status regarding goals, and to find the factors influencing them. The company
decided to track the AE-related KPIs to meet the aforementioned requirements.
To this end, we need to store AEs data in a DW repository and analyse them in
a dashboard where KPIs are monitored.

3 Static Part of a DW

RE for the static part of a DW discusses what data and in which form is of
particular interest for decision makers to be stored in a DW. Our approach to
derive the information requirements is to bring together strategic goals, business
processes, and KPIs under the structure of a goal model adapted from the i*
framework (the i* framework offers two models to represent organisational con-
text: the Strategic Dependency (SD) model and the Strategic Rationale (SR)
model). Eventually, we derive the information requirements from KPIs.

3.1 Strategic Dependency Model

To adapt the SD model in the DW domain, our approach is to incorporate a DW
and a dashboard as actors in the i* model, since the organisation depends on a
DW to obtain the proper information and depends on a dashboard to analyse
the achievement of its strategic goals. The following guidelines are provided to
adapt the SD model in the DW domain (see Fig. 1).

Fig. 1. The SD model adapted in the DW domain

Guideline 1: Business actors are decision makers (e.g. managers, top exec-
utives) and process owners. We also represent a DW and a dashboard under
development as actors in the SD model.
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Guideline 2: Strategic goals of the organisation are determined by decision
makers. DWs provides decision makers with the capability of access and analy-
sis of data to evaluate the status of strategic goals. Therefore, we represent
strategic goals using a goal between a decision-maker and a DW. For example,
“General manager” depends on the “DW” in order to analyse the status of the
goal “Decreasing the occurrence of AEs”.

Guideline 3: Strategic goals are achieved through performing some business
processes. We represent the processes involved by means of a task between deci-
sion makers and process owners. For example, “General manager” depends on
“QM manager” and “CRM manager” performing “QM process” and “CRM
process”, respectively, to accomplish “Decreasing the occurrence of AEs”.

Guideline 4: Process owners use KPIs to evaluate the performance of their
business processes. We represent the information required for KPIs by process
owners as a resource dependency between process owners and the DW, since this
information is provided by DWs. For example, the “QM manager” depends on
the DW for the resource “Provided the information on QM process KPIs”.

Guideline 5: Decision makers depend on dashboards to monitor the status of
strategic goals. We represent this dependency using a resource between a decision
maker and a dashboard, since this monitoring is provided by dashboards. For
example, “Monitored AE-related KPIs” is the resource that relates “General
manager” to “AE dashboard”.

Guideline 6: Dashboards provide process owners with the capability of moni-
toring KPIs, representing the status of a process. We represent this dependency
using a resource between a process owner and a dashboard. For example, “QM
manager” depends on “AE Dashboard” for the resource “Monitored QM KPIs”.

Guideline 7: Dashboards depend on decision makers to define certain parame-
ters for generating alarms when KPIs are monitored. We represent this depen-
dency using a task between dashboards and decision makers. For example, “AE
dashboard” depends on “General manager” to perform “Define parameters for
alarm”.

Guideline 8: Dashboards depend on DWs to provide the required informa-
tion to monitor KPIs. We represent this dependency by a resource between a
dashboard and a DW. In the example, “AE dashboard” is connected to “DW”
through the resource dependency “Provided information of AE-related KPIs”.

3.2 Strategic Rational Model

We provide the following guidelines to develop the SR model for the DW actor,
where KPIs are used to derive information requirements. Figure 2 illustrates the
application of the guidelines to the running example.

Guideline 10: For each strategic goal defined according to Guideline 2, the
information on the identified KPI, representing the goal fulfillment, needs to be



202 A. Nasiri et al.

Fig. 2. The SR model for the DW actor

provided by a DW. Typically such KPI is a composite KPI as it measures a high-
level goal in the organisation. We represent a goal to provide such information.
For example, for “Decreasing the occurrence of AEs”, the goal of the DW is
“Providing the information on the number of AEs in general”.

Guideline 11: For each goal defined according to Guideline 10, the information
of corresponding process KPIs needs to be provided in order to achieve the goal.
We represent a task, connected with a means-end link, to provide such infor-
mation. For example, “Providing the information on AE-related KPIs” explains
how “Providing the information on the number of AEs in general” is achieved.

Guideline 12: For each task defined according to Guideline 11, providing the
KPI information of each process related to the strategic goals is an objective for
the DW actor. This information are represented once via a resource dependencies
in Guideline 4. We represent a sub-goal for each resource dependency, represent-
ing the information on relevant KPIs for each process involved. For example,
“Providing the information on CRM process KPIs” and “Providing the infor-
mation on QM process KPIs” are both sub-goals obtained from “Provide the
information on AE-related KPIs”.

Guideline 13: For each sub-goal defined according to Guideline 12, the value
of each component KPI needs to be aggregated by the DW actor to achieve the
sub-goal. We represent a task for each component KPI and connect it to the
corresponding sub-goal via a means-end link. For example, “Provide the number
of AEs due to the lack of drug quality” explains how “Providing information for
the QM process” is achieved.

Guideline 14: For each task defined according to Guideline 13, an analysis
needs to be conducted, because each task represents a KPI which is a measure
employed to show the status of a process or a strategic goal. The analysis is
conducted over some data considered as resources. We illustrate the focus of the
analysis as a resource connected to the task with a means-end link. For example,
the task “Provide the number of AEs due to the lack of drug quality” defines
a measure that requires the resource of “AEs experience” as the focus of the
analysis.
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Guideline 15: For each resource defined according to Guideline 14, there are
contexts that analysis of each measure occurred within them. We represent the
concept of a context for the analysis as a resource and we connect them to the
focus of analysis by a decomposition link. For example, “Provide the number of
AEs due to the lack of knowledge” reveals that AEs can be analysed based on
two variables: the AE type, and the patients who are experiencing AEs. For the
other KPI it is necessary to analyse AEs in the context of drugs. Both KPIs are
evaluated monthly as it has been mentioned in Sect. 2, so that the dates of AE
occurrences can be another context to analyse AEs.

Guideline 16: For some of the resources defined according to Guideline 15,
which represent a context of the analysis, there are several aggregation levels. We
represent these levels of aggregation as resources connected via a decomposition
link to the corresponding resource representing a context of the analysis. For
example, “Date” as a context for the analysis of AEs can include “Month”,
“Quarter”, and “Year”.

3.3 Deriving the MD Model from a Goal Model

In this section, we provide guidelines to derive the MD model from the goal
model for the DW actor. The MD schema for the running example is illustrated
in Fig. 3.

Fig. 3. The MD model derived from the goal model

Guideline 17: Resources representing the focus of the analysis defined according
to Guideline 14, are represented as facts in the DW schema. Resources repre-
senting the context of the analysis defined according to Guideline 15 are dimen-
sions in the MD model. Resources representing the levels of aggregation defined
according to Guideline 16 are represented as hierarchies of dimensions in the
DW schema.

4 Dynamic Part of a DW

In this section, we focus on the analytics of data collected in a DW. We narrowed
down the scope to KPIs included in a dashboard. We first develop a strategic
dependency model for a dashboard. Then, we discuss how to derive a use case
diagram, representing the interaction of the business users with the DW, from
the SR model.
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4.1 SR Model for the Dynamic Part

In this part we provide some guidelines to develop the SR model for a dashboard.
A dashboards that monitors KPIs typically provides decision makers and process
owners with Performance Level (PL) of KPIs. The PL defined as the current
value of a KPI compared against a set of parameters: a target value, a threshold
value and a minimum value (refer to [9] for more details). Figure 4 illustrates the
SR model of a dashboard actor for the running example.

Fig. 4. The SR model for the dashboard actor

Guideline 18: Dashboards provide decision makers and process owners with a
KPI monitoring service according to Guidelines 5 and 6; we map each resource
defined in the SD model for this purpose to a goal for the dashboard actor.
For example, the objective of “AE dashboard” is: (1) “Displaying AE-related
KPIs” to “General manager” and (2) “Displaying QM process KPIs” to “QM
manager”.

Guideline 19: Goals defined according to Guideline 18 are achieved if a dash-
board is able to represent the Performance Level (PL) of relevant KPIs for the
corresponding decision-maker and business owner actors. We define a task for
each KPI to be displayed by a dashboard and connect them with a means-end
link. For example, “AE dashboard” performs task “Display the PL of AEs due
to lack of drug quality”, which explains how goal “Displaying QM process KPIs”
is achieved. Thus, a means-end link is created between them.

Guideline 20: Tasks defined according to Guideline 21 are performed if a dash-
board is able to measure the PL of KPIs. We represent a task for each KPI to
be measured and connect it to the corresponding task defined in Guideline 21
by a means-end link, since it explains how the PL of a KPI is displayed. For
example, “Measure the PL of the AEs due to lack of knowledge” is defined and
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connected by a means-end link to “Display the PL of the number of AEs due to
lack of knowledge”.

Guideline 21: DWs provide dashboards with the information of atomic KPIs
according to Guideline 8; we map the resource defined in the SD model for this
purpose to a task for the dashboard actor. Dashboards need this information to
measure the PL of KPIs. We represent a task to obtain this information. For
example, “Obtaining the value of AE-related KPIs” is defined as a task for “AE
dashboard”.

Guideline 22: The task defined according to Guideline 21 is decomposed into
sub-tasks, each representing the information of an individual atomic KPI. For
example, “Obtain the value of AE-related KPIs” is decomposed into “Obtain the
value of the number of AEs due to lack of knowledge” and “Obtain the value of
AEs due to lack of drug quality”.

Guideline 23: Decision makers provide dashboards with parameters according
to Guideline 7 in order to measure the PL of KPIs; we map the task defined in
the SD model for this purpose to a task for the dashboard actor to obtain these
parameters. For example, “Obtain the parameters to alarm the PL of AE-related
KPIs” is defined as a task for the “AE dashboard”.

Guideline 24: Tasks defined according to Guideline 23 are decomposed into sub-
tasks, each representing the parameters required to measure the performance
level of a KPI. For example, “Obtain the parameters of AE-related KPIs” is
decomposed into “Obtain parameters to alarm the PL of AEs due to lack of
knowledge”, “Obtain parameters to alarm AEs due to lack of drugs quality”,
and “Obtain parameters to alarm the AEs in general”.

Guideline 25: Tasks defined according to Guideline 20 measure the PL of a KPI.
To do that, the dashboard actor needs the current value of the given KPI, as well
as parameters defined by decision makers. Depend on what a task represents (an
atomic or a composite KPI), we take the following actions:

– For an atomic KPIs, we connect the task defined in Guideline 20 with relevant
tasks, defined according to Guidelines 24 and 26, via decomposition links. For
example, “Measure the PL of AEs due to the lack of knowledge” is decomposed
to “Obtain parameters to alarm the AEs due to the lack of knowledge” and
“Obtain the number of AEs due to the lack of knowledge”.

– For a composite KPI, we initially define a new task for the dashboard actor to
calculate the value of a composite KPI. To calculate this, the dashboard actor
needs the value of its component KPIs (obtained from the DW). Thus, we
connect the new task with corresponding tasks defined in Guideline 22. Then,
we connect each task defined for a composite KPI in Guideline 20, with the
new task and corresponding tasks defined in Guideline 24, via decomposition
links. For example, a new task is defined to “Calculate the number of AEs
in general”. This task is decomposed to “Obtain the number of AEs due to
the lack of knowledge” and “Obtain the number of AEs due to the lack of
drug quality”. Also, the task which “Measure the PL of AEs in general” is
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decomposed into “Calculate the number of AEs in general” and ““Obtain
parameters to alarm the number of AEs in general”.

4.2 Deriving the Use Case Diagram from the Goal Model

As we continue the development process, we need to focus on how users interact
with the system. For this purpose, we initially adapt the use case. A use case
contains steps that define interactions between an actor and a system, to achieve
a goal. Figure 5 illustrates how the following guidelines are applied to map from
a goal model to a use case diagram in the running example (to avoid, complexity
we only show some examples mapped, using dashed-arrows).

Guideline 26: Actors of the SD model, which are connected to the dashboard
with a dependency link, are candidates for being a use case actor. The boundary
of the system is the dashboard, presenting the dynamic part of the DW. Decision
makers, process owners, and DWs are actors in a use case diagram.

Guideline 27: For each task and resource dependency with decision makers
in the SD model, a task and a goal is defined for the dashboard according to

Fig. 5. Use case diagram for the dashboard
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Guidelines 18 and 23, respectively. The SR model helps to investigate if there are
decomposition links for the defined task and the defined goal. The lowest level
tasks are candidates for being a use case as the modelling principle to develop
a use case diagram is to ensure that each use case represents a single user goal.
Each use case is connected with a corresponding decision-maker actors via an
association link.

Guideline 28: For each resource dependency with the DW in the SD model, a
task is defined for a dashboard according to Guideline 21. The SR model helps
to investigate, if there are decomposition links for the defined task. The lowest
level tasks are candidates for being a use case.

Guideline 29: For each resource dependency with process owners in the SD
model, a goal is defined for the dashboard according to Guideline 21. In the SR
model, these goals are connected with some tasks via means-end-links. The tasks
are already candidates according to Guideline 30. We translate means-ends links
of the SR model to the association links of a use case diagram, connecting use
cases with relevant process owners.

Guideline 30: For each low-level task in the SR model, which is not directly
derived from a dependency link of the SD model, we represent a use case. It
is important to notice that we can not draw a direct association links between
these newly defined use cases and actors. We need to connect them with already
existing use cases using an include link (an include link is used to insert the
behaviour of a use case to the behaviour of another one called base use case). To
define a proper connection, we investigate the discussed tasks in the SR model
in terms of links exiting from them as follows: (1) If it is a means-end link,
we draw an include link between the newly defined use case and the use case
which represents the task in the end side of the means-end link of the SR model
(the latter use case is the base use case); (2) If it is a decomposition link, we
draw an include link between the newly defined use case and the use case which
represents the decomposed task of the SR model (the newly defined use case is
the base use case).

5 Conclusion

In this paper, we have addressed the RE regarding the dynamic and the static
part of a DW. In our approach models provide the basis Modelling is the core
of our approach for requirements artefacts. For the static part, we adapted the
goal model from the i* framework to derive a MD schema. We found that, goal
models alone are not adequate to deal with the RE of the dynamic part of a
DW. Therefore, we extended the goal model with the use case diagram to illus-
trate how users can interact with a DW through a KPI monitoring dashboard.
We initially use KPIs as the main drivers to obtain our MD model and then
discuss how decision-makers analyse KPIs in order to measure the success of
an organisation. This approach aligns data required to be stored in a DW with
the analytics conducted over the data, since both use the concept of KPI to
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derive the requirements. As future work, our method will be completed with use
case scenarios and other behavior and interaction diagrams of UML in order to
visualize all aspects of the dynamic part of a DW.
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