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Abstract
This study is focused on the effect of explanation capabilities on user acceptance of
Business Intelligence Decision Support Systems (BI DSSs). Although these systems
are highly sophisticated and potentially useful, there are many that are never or hardly
used. In this research it is attempted to find out whether explanation capabilities can
increase the user acceptance of BI DSSs. Those explanation capabilities provide the
user with outcome justifications and example analyses during system use. A literature
study is conducted, related work are studied, and finally an experiment is performed to
empirically test a hypothesis model which is based on a user acceptance model called
TAM. The experiment is designed to measure the effect of explanation capabilities on
Perceived Usefulness, Perceived Ease of Use and Behavioral Intention of participants
who used an on line test application. The test application is a light weight version of a
BI DSS called the Optimizer. From the results of the experiment it can be concluded
that explanation capabilities increase the Behavioral Intention and therefore User
Acceptance of a Business Intelligence DSS. However, the main determinants Perceived
Usefulness and Ease of Use were not influenced by the explanation capabilities.
Dutch version:
Dit onderzoek is gericht op het effect van uitleg mechanismen (explanation capabilities) op gebruikersacceptatie van Business Intelligence Decision Support Systems (BI
DSSs), ofwel beslissingsondersteunende systemen toegepast voor business doeleinden.
Ondanks het feit dat deze systemen zeer geavanceerd zijn en in potentie bruikbaar
geacht worden, bestaan er veel BI DSSs die niet of nauwelijks gebruikt worden. In dit
onderzoek wordt getracht te achterhalen of uitleg mechanismen bij kunnen dragen aan
een hogere gebruikersacceptatie van BI DSSs. De desbetreffende uitleg mechanismen
geven de gebruiker verklaringen voor de output van het systeem. Daarnaast kunnen
de mechanismen de gebruiker voorbeeld analyses geven tijdens het gebruik. Eerst is
er een literatuurstudie gedaan, vervolgens zijn gerelateerde studies geraadpleegd en
tot slot is er een experiment uitgevoerd om een hypothese model empirisch te testen
die gebaseerd is op een gebruikersacceptatie model genaamd TAM. Het experiment is
ontworpen om het effect te meten van uitleg mechanismen op Perceived Usefulness
(waargenomen nuttigheid), Perceived Ease of Use (waargenomen gebruiksgemak) en
Behavioral Intention (intentie tot gedrag) van proefpersonen van een online test programma. Het test programma is een vereenvoudigde versie van het BI DSS genaamd
Optimizer. Uit de resultaten van het experiment kan geconcludeerd worden dat uitleg
mechanismen de Behavioral Intention verhogen en daarmee de gebruikersacceptatie
van een Business Intelligence DSS. Echter, de determinanten Perceived Usefulness
en Perceived Ease of Use werden niet beı̈nvloed door de uitleg mechanismen.
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Chapter 1

Introduction
1.1

Decision making and computer support

Decision making is a daily occurring event in anyone’s life. Problems with making
decisions are common in almost every field of human activity, ranging from relatively
easy personal decisions to complex problems in the domain of medical care, economy
and management. Bohanec and Rajkovic (1990) describe decision making as “a process of selecting a particular option from a set of possibles, so as to best satisfy the
aims or goals of the decision maker”. According to their definition, the alternatives
the decision maker has to choose from are objects or actions of (approximately) the
same type. For example, a decision maker has to choose from different meals on a
menu, different computer systems in a store, different medicines to cure a patient, or
different investment strategies for an organization.
The complexity of some decision making problems causes them to be difficult for the
decision maker. This complexity is mainly caused by a selection of properties that
characterizes the problem, such as numerous defined alternatives, conflicting goals,
time constraints, etc. To support humans in the process of making complex decisions
a number of methods and computer-based systems has been developed. Especially in
the field of business and management, where decision makers face complex decisions
on a daily basis, computer-based support has become important. In general these
systems are called Business Intelligence (BI) systems, and are extensively examined by
researchers and practitioners in the field of operations research, management sciences,
decision theory, decision analysis, information and computer sciences, and artificial
intelligence. (Bohanec and Rajkovĭc 1990)
One increasingly popular concept used for decision making support is called a Decision
Support System (DSS). A DSS can be described as a computer program that is used
by individuals or groups of individuals to assist in their decision process. In the past
years, DSSs have been evolved to highly sophisticated systems that provide support
for decision making in a lot of domains and fields. (Uran and Janssen 2003)
Despite the high effort and large amounts of money spent on developing DSSs, there
are many that are never or hardly used. One reason can be that the users find the
system too detailed, time consuming and costly to use. Other reasons are related
to the general complexity of the systems, while still other reasons are related to the
uncertainty of the model output and on the appropriateness for solving the decision
question. (Uran and Janssen 2003)
According to research done by Gregor and Benbasat (1999) the user acceptance of
1
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DSSs appears to be positively influenced by making the system capable of explaining
its reasoning and behavior. Explanations provide information such as why certain
questions were asked by the system, what some terms mean, how conclusions were
reached, and why other conclusions were not reached. In their research they conclude
that adequate and persuasive explanation of the system’s reasoning and behavior
can lead to greater trust, agreement, satisfaction, and finally an increase of user
acceptance.
Although Business Intelligence Systems like DSSs are widely implemented in industry, research about these systems in relation to user acceptance is limited. Most
researchers tempt to focus on system architecture, security, scalability, and information management (Negash and Gray 2003). More specifically, the use of explanations
in Business Intelligence DSSs and its impact on user acceptance have not yet been
extensively examined. It is therefore uncertain whether the user acceptance of these
particular DSSs can be positively affected by implementing explanation capabilities.
In general, the current research examines how explanation capabilities affect the user
acceptance of Business Intelligence Decision Support Systems. The following section
gives an overview of the research questions that are formulated in order to reach this
goal.

1.2

Research questions and motivation

To clarify the choice and importance of the research questions a motivation for each
of them is provided. First, the main research question is described. Subsequently,
descriptions of the underlying research questions follow.
Can explanation capabilities increase the User Acceptance of a Business Intelligence
DSS?
In literature about technology acceptance it appears that actual usage is positively
correlated to the User Acceptance of that technology. Davis (1989) states that User
Acceptance is correlated to Behavioral Intention, which is on its turn influenced by
Perceived Usefulness and Perceived Ease of Use. Davis’ model functions as a basis for
the current research and is broadly described in the background section of this report.
As mentioned in the opening paragraphs, capabilities that explain the reasoning and
behavior of the system can enhance the User Acceptance (Gregor and Benbasat 1999).
The main research question is focused on whether these explanation capabilities increase the User Acceptance of a Business Intelligence DSS, and eventually the actual
system usage, in accordance with Davis’ model. If this would be the case, BI DSS
developers can use this knowledge to enhance their products in order to avoid end
user from never or hardly use them.
To get an answer to the main research question several underlying research questions
need to be answered:
What kind of explanation capabilities do exist and how can they be implemented?
This research question is required to get an overview of what explanation capability techniques exist, what kind of information they provide, how they function, how
they look like, and how they can be implemented in a DSS. Gönül et al. (2006)
elaborated on these type of questions. In their work they provide a decent framework
for getting a general idea of the possibilities and opportunities regarding explanation
capabilities. A better insight is useful for future implementations and for the experimental design of the current research. In an attempt to get this insight, related work
2
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is examined.
How can explanation capabilities increase the User Acceptance of Intelligent Systems
in general?
To examine how to increase user acceptance of BI DSSs by means of explanation
capabilities, it is necessary to know whether and how this is accomplished in relation to Intelligent Systems in general. Knowing the possibilities and opportunities of
explanations is not sufficient to be able to choose which techniques can actually maximize the user acceptance and system usage. In previous research multiple explanation
approaches in Intelligent Systems are investigated in different domains. Literature on
this topic can provide an answer to this research question.
Do explanation capabilities in a Business Intelligence Decision Support System increase Behavioral Intention?
Behavioral Intention is a major determinant of User Acceptance (Davis 1989). Measuring the users’ Behavioral Intention towards BI DSSs can help finding an answer
to the main research question. An experiment is performed in which the effect on
Behavioral Intention is tested by adding explanation capabilities to an existing BI
DSS called the Optimizer. As the system being in this experiment tested is a test
application and is not being used in a real life situation, User Acceptance is difficult
to measure. Therefore this research question focuses on Behavioral Intention, which
is measurable in the used experimental setup. More information about the setup can
be found in chapter 4 Research methods.

1.3

Relevance

In relation to explanations in Information Systems most research is focused on explanation capabilities in DSSs in other domains than Business Intelligence. Research
on Business Intelligence DSSs is also rarely focused on User Acceptance. Combining
the aspects of User Acceptance, explanation capabilities, and the Business Intelligence domain of DSSs makes this research relevant in the perspectives of Information
Science and BI DSS implementations. Additionally, the host organization of this research project, UMS Group, can benefit from the results of this research, as it gives
them better insight in possibilities for improving User Acceptance of their Business
Intelligence DSSs. This insight can enhance the actual usage of their products and
eventually increase the commercial value.

1.4

Research process

This research project started with the thesis project proposal which has been created
at the Utrecht University in collaboration with UMS Group Europe. UMS Group
is an international Management Consulting firm in the global utilities industry. The
company is specialized in enterprise-level value creation, and asset and performance
management solutions. One of the core businesses is the development of Decision
Support Systems that focus on investment optimization and risk identification and
optimization. The focus of this research project (user acceptance in Business Intelligence DSSs) originates from problems that UMS Group has identified during implementation of their tools. The research topic and research questions were formulated
according to fields of study of the Faculty of Information and Computing Science of
the Utrecht University.
3
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The experiment performed in this study has been designed based on related literature
and conducted by means of a test environment. The environment is based on UMS
Group’s Optimizer which is a portfolio optimization tool that supports managers in
creating an optimal investment portfolio for their organization. Portfolio optimization
tools are extensively applied in the field of Business Intelligence and therefore suitable
for examination in this research project. The results of the experiment are analyzed
and conclusions are drawn and finally reported in the current thesis report.

1.5

Report structure

The next chapter will provide background information on the domains that are of importance for this research. Aspects related to User Acceptance, Business Intelligence,
Decision Support Systems and explanation capabilities are described. The next chapter will give some insight in work related to the topic of this research. This chapter is
followed up by a description of the experiment, including the test environment, experimental setup and methodologies used. After that the results of the experiment are
discussed followed by a conclusion that will contain answers to the research questions.
Finally, the report will contain a discussion and future work section.

4

Chapter 2

Background
In order to understand the concepts and terms used in this report a background chapter is provided. This chapter will elaborate on relevant concepts like Decision Support
Systems, user acceptance and explanation capabilities. More specific concepts that
are related will be described and explained. Furthermore, models used in this research
are examined with the current research context in mind.

2.1

Decision Support Systems

Information systems are extensively used in business and management. In the field
of information technology an information system (or more specifically, a computerbased information system) is defined as software that stores data and automates the
information processing of organizations. Information systems used in business and
management are often referred to as Business Intelligence (BI) systems. BI describes
a set of concepts and methods to improve business decision making. (Power 1999)
This section focuses on one particular concept used for decision making support which
is called a Decision Support System (DSS).

2.1.1

Decision making

According to Turban and Aronson (2001) “decision making is a process of choosing
among alternative courses of action for the purpose of attaining a goal or goals”.
For every organization it is important to effectively make decisions in order to reach
objectives and goals. Strategic planning and problem solving are major activities
concerned with decision making. Other functions in the management process, such as
organizing and controlling, also involve making decisions. (Stair and Reynolds 2003)
To further examine the process of decision making a model of problem-solving by
George Huber is described by Stair and Reynolds (2003). This model divides the
problem-solving process into 5 stages of which the first three stages are concerned
with decision making (See Figure 2.1). The first stage is called the intelligence stage.
During this stage, potential problems and opportunities are identified or denied while
information related to the problems and opportunities is gathered. The second stage
is the design stage in which alternative solutions are developed and evaluated. The
third stage, and last stage of the decision making process, is the choice stage in which
the decision maker has to select a course of action from the possible solutions. As
5
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Figure 2.1: Decision making is part of problem solving (Stair and Reynolds, 2003)
various factors can influence the choice, this stage is not as simple as it first might
appear. The problem solving process goes beyond decision making and includes two
additional stages: the implementation stage and monitoring stage. In the implementation stage the chosen course of action is actually performed/executed. The
monitoring stage involves evaluating the implementation to determine whether the
anticipated results were achieved and to modify the implementation after obtaining
new valuable information.
With respect to BI, one relevant factor that can influence the design stage is whether
the decision is programmed or non-programmed. Programmed decisions are made using a rule, procedure, or quantitative method and are therefore easy to computerize.
Non-programmed decisions, however, are focused on complex, unusual or exceptional
decisions that are difficult to quantify. The former type of decisions are mostly supported by Management Information Systems (MIS) by providing reports on problems
that are routine and in which the relationships are well defined (structured problems).
The latter type of decisions contain many unique characteristics for which application
of rules or procedures is not so obvious. These unstructured or ill-structured problems
are mostly supported by DSSs. (Stair and Reynolds 2003)
In order to support decision making, different approaches can be applied: optimization, satisficing and the heuristic approach. These approaches use different models to
find a solution for the problem. An optimization model is designed to find the best
solution, usually the one that will best help meet the organization’s goals. A satisficing model is one that will find a good solution for a problem but not necessarily the
best solution. This approach is usually used when modeling the problem properly to
get an optimal solution would be too difficult, complex, or costly. Heuristics are ‘rules
of thumbs’: commonly accepted guidelines or procedures that usually find a good solution. Although these rules are often used in decision making, DSSs generally make
use of the optimization or satisficing approach. (Stair and Reynolds 2003)

2.1.2

Definition of a DSS

In early definitions a DSS is identified as a system that is intended to support managerial decision makers in semistructured decision situations. DSS were not meant to
replace the judgment of decision makers but to support their decision making process. As several authors came with various definitions of DSSs because of different
interpretations, Turban and Aronson (2001) tried to construct a working definition
that included a wide range of DSSs:
“A DSS is an interactive, flexible, and adaptable computer-based information system, specially developed for supporting the solution of a nonstructured management problem for improved decision making. It utilizes
6
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data, provides an easy-to use interface, and allows for the decision maker’s
own insights.”
In addition, they stated that a DSS usually uses models and is built by an interactive
and iterative process. A DSS can support all phases of decision making and may
include a knowledge component. Finally, users can use a DSS on a single PC or it
can be Web-based for use by many people at several locations.
Stair and Reynolds (2003) use the following definition:
“A DSS is an organized collection of people, procedures, software, databases,
and devices used to support problem-specific decision making and problem
solving.”
According to them the focus of a DSS is on decision making effectiveness in situations
of unstructured or semistructured business problems. DSSs can potentially generate
higher profits, lower costs, and better products and services. To further define a DSS
the authors describe a set of DSS capabilities. The following capabilities (or a subset
of these capabilities) may be provided by a DSS.
Support for problem-solving phases Most DSSs are designed to assist decision
makers with the phases of problem solving. One or a few of these phases (intelligence, design, choice, implementation, and monitoring) might be supported
by the DSS.
Support for different decision frequencies With respect to the frequency of the
decision making, there are two types of decisions: one-of-a-kind or repetitive.
One-of-a-kind decisions are concerned with situations that occur only a few
times during the life of an organization These decisions are typically handled
by an ad hoc DSS. An example of this kind of decisions is when a company
has to decide on whether to build a new power plant in another area of the
country. The repetitive type of decisions, on the other hand, are made more
than once, usually several times a year or more. An institutional DSS is used
for this kind of decisions and a refined over the years. Examples of institutional
DSSs include systems that support production scheduling and portfolio and
investment decisions.
Support for different problem structures A DSS can support highly structured
or unstructured decisions. Highly structured (or programmed) decisions are
straightforward and are based on known facts and relationships. With respect
to unstructured (or non-programmed) decisions, problems are more complex,
relationships are unclear, and data is inconsistent and often difficult to obtain
or manipulate. Another difficulty is the fact that decision makers may not know
in advance what information is required for the decision to be made.
Support for various decision-making levels Within an organization a DSS can
support managers at different levels. Strategic-level managers can be helped
with long-term decisions. On the other end, a DSS can offer support for
operational-level managers concerned with daily decisions.
Turban and Aronson (2001) think there is no agreement on standard characteristics
or capabilities of DSSs. However, they describe an ideal set of DSS capabilities of
which some are relevant and not discussed above. First, a DSS supports decisions in
problems that cannot be solved (or cannot be solved conveniently) by other computerized systems or by other quantitative methods or tools. Second, individuals as well
7
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as groups can benefit from a DSS. Third, to make the user feel at home with a DSS,
user-friendliness is of importance. It can greatly increase the effectiveness of a DSS.
Providing strong graphical capabilities and a natural interactive human-machine interface can increase the user-friendliness. Fourth, a DSS usually utilizes models for
the analysis of different solutions. The modeling capability enables experimenting
with different strategies, configurations and scenarios.

2.1.3

Components

To be able to provide the discussed capabilities, a DSS consists of multiple components. Although various definitions of DSSs and their capabilities exist, there appears
to be a uniform view on the set of basic components of a DSS (Turban and Aronson
2001; Stair and Reynolds 2003; Sauter 1997). All authors state that the basic set of
components should at least include a Database Management System, a Model-base
Management System and a User Interface component (Dialogue Manager). The following descriptions of the components are based on Stair and Reynolds (2003) as their
descriptions are best applicable in perspective of the current research.
The core of a DSS consists of a Database Management System and a Model-base
Management System. These components are typically connected to the User Interface
component, which is used by decision makers to easily access and manipulate the DSS
in a user-friendly way. Additionally, a DSS can have the ability to connect to the
Internet and incorporate intranet, networks, and other computer systems.
The Database Management System (DBMS) is designed to perform qualitative analysis. Managers and decision makers can access the company’s databases, data warehouses, and data marts through the DBMS. A DBMS can also connect to external
databases, like public available databases on the Internet and government databases.
This capability enables managers and decision makers to access even more information, which can result in better decisions as it improves the understanding of the
company and its environment. A data-driven DSS is primarily based on qualitative
analysis enabled by the DBMS.
The model-base allows managers and decision makers to perform quantitative analysis
on both internal and external data. A Model-base Management System (MMS) is usually built in for the coordination of the use of models in a DSS, varying from financial,
statistical analysis, graphical, and project management models. It also provides the
user of the DSS access to the models and assistance of the decision-making process. A
model-driven DSS primarily performs mathematical and quantitative analysis. The
models that are used depend on the needs of the decision maker.
Users of a DSS interact with all the components by means of a User Interface. It assists
with all aspects of communications between the user and the hardware and software.
From the perspective of most DSS users, the User Interface practically is the DSS.
More specifically, Ghasemzadeh and Archer (2000) state that the user interface hides
the complexities of the system and its models from decision makers, and provides a
bridge between users and other components of the DSS. Decision makers can use the
user interface to input data, to retrieve information from the DBMS and MMS, and
to direct and control the system. It also presents the results of computations to users
and allows them to interact with the system to arrive at satisfactory solutions.
8
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Figure 2.2: Conceptual model of a DSS illustrating the basic components. (Stair and
Reynolds, 2003)

2.1.4

Need for DSS

The popularity of DSSs among decision makers and managers has increased in the last
couple of decades. Obviously there is a need for DSSs and this need is stimulated by
a couple of factors related to DSSs. First, speedy computations enable the decision
maker to respond quickly at low cost. Timely decisions are critical nowadays; for
example, a stock trader can analyze trends in a couple of seconds by using a DSS.
DSSs can also increase productivity: a group of decision makers can be costly and
computer technology can reduce the size of the group, and enable them to operate from
different locations. Another factor related to DSSs is the available technical support
that gives the decision maker a range of capabilities. For example, they can use
complex computations for the decision making process. The data used in the decision
process can be stored in different databases and may include advanced, multimedia
content like sounds, graphics and animation. Additionally, this data can be searched,
stored and transmitted to distant locations quickly and economically. DSSs can also
improve the quality of the decision made. Evaluation of more alternatives, quick
risk analysis, complex simulations, checking of many possible scenarios, and views of
experts that can be collected quickly and at low costs all lead to better decisions.
The need for a DSS is also impacted by the competitive pressure that makes the job
of decision making difficult. Competition is not only on price but also on quality,
timeliness, customization of products, and customer support. Organizations must be
able to frequently and rapidly change their mode of operation, re-engineer processes
and structures, empower employees, and innovate. A DSS can have an important
role in these situations. Finally, an individual’s problem solving capability is limited
when diverse information and knowledge are required. Additionally, people may have
difficulty in recalling information in an error-free fashion when it is needed. The
collaboration of several individuals may help in overcoming these cognitive limits,
9
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but problems with respect to coordination and communication may arise. A DSS can
help by enabling decision makers to quickly access and process vast amounts of stored
information accurately. DSSs can also improve coordination and communication for
groups of collaborating individuals. (Turban and Aronson 2001)
Research on perceived benefits from a DSS concludes that decision makers experience higher decision quality, improved communication, cost reductions, increased
productivity, time savings, and improved customer and employee satisfaction. Userfriendliness of the DSS was found to be correlated with the perceived benefits of DSS.
In this perspective, an easy-to-use end-user computing environment was one of the
important features provided by DSSs, since end users are not programmers, and so
they require easy-to-use construction tools and procedures. (Turban and Aronson
2001)

2.1.5

Evolution of DSSs

Decision Support Systems is a field of study for many decades. The following paragraphs will discuss the history, classification and recent developments of DSSs.

History
The history of the implementation of computerized Decision Support Systems begins
in the mid-1960s. DSSs became practical with the development of minicomputers,
timeshare operating systems and distributed computing. Researchers began studying the use of computerized quantitative models to assist in decision making and
planning. New applications were developed and studied while technology evolved.
In the late 1970s this lead to the development of Management Information Systems
(MIS) that focused on providing managers with structured, periodic reports without
providing interactive support to assist managers in decision making. Subsequently,
the first executive information systems (EISs) or executive support systems (ESS)
were conceptualized. The basic idea of these DSSs was to use information systems
to display critical success metrics for managers. (Power 1999) Sauter (1997) defines
Executive Information Systems (EISs) as “specialized Decision Support Systems that
help executives analyze critical information and use appropriate tools to address the
strategic decision making of an organization”.

Classification
The growing interest in DSSs from different disciplines lead to development of many
types of systems. A commonly used model for categorizing DSSs was created by Power
(2001). This model distinguishes 5 categories: model-driven, data-driven, document
driven, communications-driven and knowledge-driven DSSs.

Model-driven A model-driven DSS emphasizes access to and manipulation of financial, optimization and/or simulation models. Simple quantitative models provide
the most elementary level of functionality. Model-driven DSS use limited data and parameters provided by decision makers to aid decision makers in analyzing a situation.
(Power 2002).
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Data-driven A data-driven DSS most elementary level functionality is provided by
simple file system query and retrieval tools. Computerized tools tailored to specific
data access and manipulation add extra functionality. Executive Information Systems
(EIS) are examples of data-driven DSSs. (Power 2002)

Document-driven More sophisticated data-driven DSSs use computer storage and
processing technologies to provide document retrieval and analysis. These systems
are called document-driven DSSs and process large document databases that contain
scanned documents, hypertext documents, images, sounds and video. Examples of
documents that might be accessed by a document-driven DSS are policies and procedures, product specifications, catalogs, and corporate historical documents, including
minutes of meetings and correspondence. (Power 2002) The World wide web and its
technologies significantly increased the availability of documents and facilitated the
development of document-driven DSSs. (Power 2001)

Communications-driven Communications-driven DSS use network and communication technologies to facilitate decision-relevant collaboration and communication.
In these systems, communication technologies are the dominant architectural component. Tools used include groupware, video conferencing and computer-based bulletin
boards (Power 2002). In line with the evolving Communications-driven DSS, developers started to focus on Group Decision Support Systems (GDSS). These systems
contain tools to reduce communication barriers, such as large screens for display of
ideas, voting mechanisms, and anonymous input of ideas and preferences. These
communications-driven DSSs became popular in organizations, and companies have
started to commercialize Group DSSs (also known as Groupware).(Power 2001)

Knowledge-driven Connecting Expert Systems (ES) technologies to relational
databases enabled the deployment and use of knowledge-driven DSSs. Knowledgedriven DSS can suggest or recommend actions to managers. These DSS are personcomputer systems with specialized problem-solving expertise consisting of knowledge
about a particular domain and the ability to use the knowledge to solve problems.
(Power 2001)
Although this model is used by many authors it is not an exhaustive list of DSS
categories, as there are several ways to classify DSSs (Turban and Aronson 2001).
Classification can also be based on the underlying framework of the DSS, the recurring
of the problem, support for individuals or groups, custom or ready-made systems, and
other aspects.

Recent developments
Recent research has focused on the development of active instead of passive support
provided by DSSs. Early systems can be classified as passive forms of decision support,
where the systems do what the users explicitly direct them to do. For example, they
answer what-if kind of questions, and support a limited range of decision making
tasks. A new type of DSSs provides active support to the decision maker and has two
independent processes, one user directed and the other computer directed. The user
initiates the problem solving process and subsequently the computer may activate
some processes, which would operate without explicit direction from the user. The
result of the computer directed process can be used by the user in arriving at a
solution. Such a result can, for example, suggest alternate actions and indicate issues
that the user might have overlooked. (Rao, Sridhar, and Narain 1994)
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Recently, the world wide web is offering a platform that further extends the capabilities and deployment of DSSs. Since the introduction of a conceptual web based DSS
in 1995, DSS technology has become more sophisticated and widespread in a high
pace. Vendors shifted their focus to Web-based analytical applications and business
intelligence solutions. (Power 2001) The commonly used client-server design seems to
give an extra boost since Web based DSSs can utilize far larger and more complex
models and much larger data sets at dramatically lower costs. The Web has become
the platform of choice for building DSS and developers even attempt to deploy a
model for selling on line decision computation power on a pay-per-use basis in an
electronic marketplace. (Bhargava, Power, and Sun 2007)
The shift to Web Based DSSs has also resulted in the development of Distributed
DSSs. These DSSs incorporate data, models and knowledge from multidisciplinary
sources on the web. Since different systems may not understand information or knowledge from other sources, such complexity brings challenges to the design and implementation of Distributed Web Based DSSs, and made this type of DSSs become a
new trend in DSS research. (Zhang and Goddarda 2007)

2.1.6

Project portfolio and DSSs

A survey performed by Eom et al. (1998) reveals that the use of optimization and
suggestion model-based DSSs is growing. Project portfolio optimization is one application of this category of DSSs. Since the DSS used in the current research is focused
on project portfolio optimization, this topic is discussed next.
Project portfolio selection is the periodic activity involved in selecting a portfolio of
projects, that meets an organization’s stated objectives without exceeding available
resources or violating other constraints. During the selection there are some issues
that have to be addressed, like the organization’s objectives and priorities, financial
benefits, intangible benefits, availability of resources, and risk level of the project
portfolio. The selection of projects is a decision making process. Since most decision
makers strive to select an optimal portfolio of projects, optimization in this perspective
is a suitable application of a DSS.
The actual selection of projects by the DSS consists of two phases. The first phase
applies only when projects are scored by multiple scales, such as financial benefit
and potential risk. In this phase multiple scales are integrated into a single objective
function, which represents the relative value of each project, and serves as input to
the second phase. If projects have a single objective, such as net present value or
expected net present value, this can be input directly into the second phase.
The second phase of the project selection process is the application of an optimization
model, using the single objective function values derived in phase one. An optimization model is applied that considers constraints, such as resource limitations, timing,
project interdependencies. The model is designed to maximize the total portfolio
benefit.
After the DSS presents the suggested project portfolio, decision makers can subsequently apply their knowledge and experience to adjustments the portfolio by adding
or deleting projects. Once the portfolio has been adjusted, results can be finalized
by cycling back to re-calculate portfolio parameters such as project schedules and
time-dependent resource requirements. Consequently, the adjustments to the initial solution will result in a mathematically suboptimal result. But the adjustments
allow the consideration of issues and constraints that are difficult to implement in
the optimization model. Hence, the initial portfolio is optimized according to the
optimization model, but the final portfolio is more satisfactory to decision makers.
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Additionally, it is difficult to formulate explicitly in advance all of the preferences of
the decision makers, and the involvement of decision makers in the solution process
indirectly motivates successful implementation of the selected projects. It is therefore
important to enable decision makers to interact with the system during the decision
process. (Ghasemzadeh and Archer 2000)

2.1.7

Optimizer

In this research, the test environment is based on the UMS Group Optimizer which
is developed in Microsoft Excel. It can be categorized as a model-driven DSS since it
uses an optimization model for solving project portfolio selection problems. The used
methodology for the project portfolio optimization is similar to the methodology
described above. First the objective function is initialized, then the optimization
model is applied, and finally decision makers can adjust the project selection to suit
their needs. During all phases of the decision process the user can interact with the
system which makes the DSS flexible and easily adaptable.
The Optimizer also contains elements and functionality that are common for Executive Information System, such as extensive reporting facilities and investment portfolio
analysis tools. Comparison of different scenarios is also supported, where scenarios
can differ on multiple parameters. The DSS can be repetitively used on different
decision making levels but it will commonly be used for higher level decision making.
One classification described by Turban and Aronson (2001) distinguishes DSSs into
text-oriented, database-oriented, spreadsheet-oriented, solver-oriented, rule-oriented
and compound DSSs. According to this model the Optimizer can be classified as a
solver-oriented DSS. A solver is a computer program based on a algorithm or procedure that can perform computations for solving a particular problem type. The
Optimizer uses the Solver add-in for Microsoft Excel developed by Frontline Systems,
Inc. This add-in can be used to solve linear programming and optimization problems.
It is fully programmable by Visual Basic for Applications (VBA), the programming
language used in Excel.
Most of the basic software components of the DSS are provided by Microsoft Excel and
the Solver add-in. Although Excel does not really include a Database Management
System, it has some built-in functionality that enables data lookup, data sorting,
and data referring. All project, initialization, scenario and result data are stored in
separate worksheets which are comparable to tables in a database. The Model-base
Management System is provided by the Solver add-in. It contains the optimization
model that is accessible and adjustable by means of an Application Programming
Interface (API) for VBA. The User Interface of the Optimizer consists of the standard
Excel user interface and some dialogue forms programmed in VBA. The Excel user
interface can be used for project lists, scenario overviews, and report analysis. The
dialogue forms are programmed for user input that is needed for the optimization
model.
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2.2

User acceptance

In the past decades the adoption of Decision Support Systems by organizations has increased. Moreover, the applications in the field of Executive Support and Knowledgebased Systems became even more prevalent. (Arnott and Pervan 2005) (Eom et al.
1998) For these technologies to improve productivity, they must be accepted and
used by employees in organizations. Understanding why people accept or reject Information Technology is therefore of high importance but has proven to be one of the
most challenging issues in Information Systems research (Swanson 1988). Two decades
ago most user acceptance measures used in practice were subjective and unvalidated
(Davis 1989). Also their relationship to system usage was unknown. Nowadays, explaining user acceptance and usage of new technology is described as one of the most
mature research areas in the domain of contemporary Information Systems (Venkatesh
et al. 2003). This section gives an overview of models that have been developed and
used by researchers, and serves as a basis for the current research.

2.2.1

Technology Acceptance Model

The first model that has been used by many researchers is the Technology Acceptance Model (TAM) developed by Davis (1989). In his research based on theoretical
foundations, Davis found two determinants of user acceptance. First, people tend to
use or not use a system to the extent they believe it will help them perform their
job better. This first variable is referred to as Perceived Usefulness. Second, even if
potential users believe that a given application is useful, they may, at the same time,
believe that the system is too hard to use and that the performance benefits of usage
are out-weighted by the effort of using the system. So in addition to Perceived Usefulness, User Acceptance is influenced by Perceived Ease of Use. In the current research,
the following definitions constructed by Davis are used for the two determinants.
• Perceived Usefulness is defined as “the degree to which a person believes that
using a particular system would enhance his or her job”.
• Perceived Ease of Use is defined as “the degree to which a person believes that
using a particular system would be free from effort”.
Davis also created measurement scales for these determinants and tested and validated
them successfully in two field studies (see Table 2.1). The scales appeared to be
significantly correlated to the determinants and proven to be useful both after brief
introductions to the target system and after substantial user experience with the
system. This makes the scales helpful in investigating user acceptance issues at various
points in the system development life cycle. After the publishing of his paper the
results have been validated and approved by multiple studies (Davis, Bagozzi, and
Warshaw 1989; Adams, Nelson, and Todd 1992; Venkatesh and Davis 2000; Venkatesh
et al. 2003).

2.2.2

TAM2

A revision of TAM (referred to as TAM2) has been developed by Venkatesh and
Davis (2000). TAM2 extends the original model with the constructs Social Influence
Processes and Cognitive Instrumental Processes.
The first construct consists of the processes Subjective Norm, Voluntariness, and Image. In TRA (Theory of Reasoned Action), which was a key theoretical underpinning
14

2. Background

Construct

Scales

Perceived Usefulness
Job Performance
Increase Productivity
Effectiveness
Makes Job Easier
Perceived Ease of Use
Clear and Understandable
Easy to Become Skillful
Easy to Use
Controllable
Easy to Remember
Table 2.1: Scales of Perceived Usefulness and Perceived Ease of Use

Figure 2.3: TAM2: Extension of the Technology Acceptance Model (Venkatesh and
Davis, 2000)

for the original development of TAM, Subjective Norm is included as a direct determinant of Behavioral Intention, i.e. a measure of the strength of one’s intention to
perform a specific behavior (Fishbein and Ajzen 1975). TAM2 also defines Subjective
Norm as a direct determinant of Perceived Usefullness. The term Subjective Norm is
defined as the “person’s perception that most people who are important to him think
he should or should not perform the behavior in ”question”” (Fishbein and Ajzen
1975). In the context of User Acceptance this means that people may choose to use
a system, even if they are not themselves favorable toward the usage, if they believe
one or more important referents think they should, and they are sufficiently motivated to comply with the referents. Further research on Subjective Norm concluded
that Voluntariness influences the effect of Subjective Norm on Behavioral Intention:
in mandatory settings the effect of Subjective Norm is significantly larger than in
voluntary settings. (Hartwick and Barki 1994) In TAM2 Image is defined as the degree to which system use is perceived to enhance one’s status in one’s social system.
The authors theorize that a user’s Image influences the Perceived Usefulness and that
Image is positively influenced by Subjective Norm (See Figure 2.3).
Besides the Social Influence Processes affecting Perceived Usefulness and Behavioral
Intention discussed above, TAM2 describes Cognitive Instrumental determinants of
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Figure 2.4: UTAUT research model (Venkatesh et al., 2003)
Perceived Usefulness: Job Relevance, Output Quality, Result Demonstrability, and
Perceived Ease of Use. Job Relevance is an individual’s perception regarding the
degree to which the target system is applicable to his job. Besides the Job Relevance people will take into consideration how well the system performs the supported
tasks, which are referred to as perceptions of Output Quality. The third instrumental
determinant is Result Demonstrability. This determinant has been defined as the
tangibility of the results of using the system (Moore and Benbasat 1991). If a system
produces effective job relevant results desired by a user, but does so in an obscure
fashion, users of the system are unlikely to understand how useful such a system really
is. The last determinant is Perceived Ease of Use and is, like in the original TAM, also
determinant of Behavioral Intention (User Acceptance). In TAM2 this implies that
the more easy a system is to use, the more using it can increase job performance. This
observation is based on extensive empirical evidence accumulated over a decade that
Perceived Ease of Use is significantly linked to Behavioral Intention, both directly
and indirectly via its impact on Perceived Usefulness.
Finally, as can be seen in Figure 2.3 the positive direct effect of Subjective Norm on
Behavioral Intention and on Perceived Usefulness will grow when the user’s experience
with the system increases.

2.2.3

UTAUT

An extensive review and empirical comparison of multiple IT acceptance models including TAM and TAM2 resulted in a validated and confirmed formulated model
called the Unified Theory of Acceptance and Use of Technology (UTAUT). This model
outperformed each individual model in predicting user acceptance and system usage
and is presented by the authors as a “useful tool for managers needing to assess the
likelihood of success for new technology introductions and helps them understand the
drivers of acceptance.” (Venkatesh et al. 2003) Figure 2.4 presents the proposed and
supported research model. The research has also resulted in a list of scales that has
been proven to be helpful for empirical investigation of the different aspects of the
model.
UTAUT describes four core determinants of intention (Behavioral Intention) and us16
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age (Use Behavior) of a system: Performance Expectancy, Effort Expectancy, Social
Influence and Facilitating Conditions. Performance Expectancy is “the degree to
which an individual believes that using the system will help him or her to attain
gains in job performance”. In TAM and TAM2 this is referred to as Perceived Usefulness. Effort Expectancy is described as “the degree of ease associated with the
use of the system”. TAM and TAM2 call this determinant the Perceived Ease of
Use. The Social Influence is defined as “the degree to which an individual perceives
that important others believe he or she should use the new system”. In TAM2 it is
represented as Subjective Norm. Facilitating Conditions is “the degree to which an
individual believes that an organization and technical infrastructure exists to support
the system”. This determinant is not present as a construct in the TAM or TAM2
model.
The UTAUT model shown in Figure 2.4 implies that there are three direct determinants of Behavioral Intention, i.e. Performance Expectancy, Effort Expectancy and
Social Influence. The fourth determinant is the only one directly connected to Use
Behavior. Further more, Behavioral Intention has a significant positive influence on
Use Behavior.
Besides the direct and indirect determinants of Behavioral Intention and Use Behavior the UTAUT authors have theorized and empirically proven that there are four
moderators that influence the effect of the determinants. Gender, Age, Experience,
and Voluntariness of Use all affect in some way the strength of the effect of the
determinants. See Table 2.2 for detailed information about their influences.
Determinant

Construct

Moderators

Moderators’ influence

Performance
Expectancy

Behavioral
Intention

Gender, Age

Effect stronger for men
and younger workers

Ex-

Behavioral
Intention

Gender,
Age,
Experience

Effect stronger for women,
older workers, and those
with limited experience

Social Influence

Behavioral
Intention

Gender,
Age,
Voluntariness,
Experience

Effect stronger for women,
older workers, under conditions of mandatory use,
and with limited experience

Facilitating
Conditions

Use Behavior

Age, Experience

Effect stronger for older
workers with increasing
experience

Effort
pectancy

Table 2.2: Influence of moderators on the effect of determinants (based on Venkatesh
et al., 2003)

2.2.4

Implications for current research

When looking at UTAUT two of the four determinants can be applied in the current
research: Performance Expectancy and Effort Expectancy. Social Influence and Facilitating Conditions are less applicable. The former assumes that individuals have
important others that know the system, which can not be the case in the current
research because the system has never been implemented and is therefore not used
before. The latter assumes that individuals use the system within an organizational
situation that facilitates the technical infrastructure. In the case of this study there is
no such organizational situation since the system being examined is not implemented
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in a real life situation. For the same reason it is not possible to objectively measure
Use Behavior which is determined by Facilitating Conditions.
The extended TAM2 also introduces a set of comparable determinants that are not
relevant for the current research questions. Determinants like Subjective Norm (comparable with UTAUT’s Social Influence), Image and Job Relevance are irrelevant
for similar reasons explained in the previous paragraph. Output Quality and Result
Demonstrability are out of scope and therefore not applicable.
Concluding, not all models are applicable to the current research when looking at the
research questions. UTAUT provides an extensive model with many determinants,
constructs and moderators that are out of the current study’s scope. TAM2 also
introduces a set of determinants that are not relevant for the current research questions. The original TAM is a model with sufficient detail and has proven to be a valid
and helpful instrument for determining the different aspects that are relevant for this
research.
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2.3

Explanation capabilities in DSS

This section gives some insight in explanations in general, what they are, how explanations are used and why they are used. Then implementations of explanation
capabilities in Intelligent Systems are illustrated to show what the possibilities and
potential benefits are. Finally a classification of explanations and descriptions of the
characteristics are provided.

2.3.1

Explanations in general

Explanations are used in many different situations by many people. They serve to
clarify and make something understandable. More specifically, explanations declare
the meaning of words, actions, motives, etc., with a view to adjusting a misunderstanding or reconciling differences (Gregor and Benbasat 1999). According to Gregor
and Benbasat explanations can be initiated by the receiver or provider of information.
In the first case the explanations are used to resolve misunderstanding or disagreement. In the latter, the aim of the information provider is to clarify, justify or
convince. An explanation used in this sense may be viewed in terms of rhetoric or
argumentation which is described in Toulmin’s Model of Argumentation. The model
provides a basis for the examination of practical reasoning and argumentation. The
model distinguishes the following different parts of an argument:
claim an assertion or conclusion that is proposed for acceptance
ground factual data founding the argument
warrant a justification for moving from the ground to the claim (e.g. rules of thumb
and laws of nature)
backing an authorization for the warrant (e.g. legal statute)
qualifier a phrase expressing the degree of certainty of claim (e.g. definitely, probably, etc.)
possible rebuttal an exceptional circumstance that might undermine the force of
the argument
Applying this model is especially efficient in justifying provided information. Therefore it has been frequently used in the field of rhetoric and argumentation (Gregor
and Benbasat 1999). Gregor and Benbasat additionally define three major types of
justification: giving a reason, giving examples, and eliminating alternatives. These
types are practical for implementing explanation capabilities in Intelligent Systems.

2.3.2

Explanation in Intelligent Systems

Intelligent Systems are characterized by their distinguishing feature of containing a
knowledge component. This component consists of a computerized version of explicit
human knowledge. Additionally, Intelligent Systems are based on the basic elements
of artificial intelligence: knowledge representation, inference and control. These basic
elements enable such systems to explain to their human users both the knowledge they
contain and the reasoning processes they go through. Since the development and implementation of Advice-giving Intelligent Systems, the ability to explain knowledge
and reasoning became one of the most important and valued features. In this regard, explanation capabilities are considered necessary in order to make the system
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as believable, convincing and persuasive as human consultants. Explanations in Information Systems provide information such as why certain user input is asked by the
system, what some terms mean, how the system comes to the conclusions presented,
and why alternative conclusions are not reached. (Gregor and Benbasat 1999)
Hayes-Roth and Jacobstein (1994) state that Intelligent Systems have won the acceptance and trust of end users, partially because of their ability to provide explanations
and justifications for their results. An overview of how the system reaches conclusions out of a set of assumptions, rules and objects is perceived as being plausible
and useful for assessing the system’s performance. This applies to end users, domain
experts, knowledge base maintainers, managers, and quality assurance technicians.
Explanation capabilities can assist and support the users’ validation process by providing material for determining if the system reaches the right conclusions for the
right reasons.
An important success factor of explanation systems is an appropriately designed output mechanism. The output of an Intelligent System needs to be intelligible to humans. Therefore the form of that output should be as similar as possible to the
form of communication used by humans. Consequently, an explanation system that
makes use of an output facility based on structures like those described in Toulmin’s
Model of Argumentation will increase the effect of explanations on the system’s user.
In practice, explanation systems based on the model have demonstrated significant
differences in the comprehensibility of its output from that of more conventional
systems. (Gregor and Benbasat 1999) Users also benefit from the use of naturalistic
output which should be designed to provide natural expressions and syntax. Tailoring
system outputs to make them as easy to use as possible is of considerable importance
for explanation systems. (Hayes-Roth and Jacobstein 1994)
However, not only interfaces of highly intelligent systems can benefit from explanation
capabilities. Users of a system that performs complex functions or supports critical
decisions want to be able to obtain explanations for that system’s results or actions,
too. As a concrete example, the needs of an asset manager using a BI DSS could
be considered. Even if DSS works by table look-up and calculations for portfolio
optimization, the manager (and perhaps the executive board as well) may prefer to
see a justification of its conclusions in the form of understandable explanations. It
is important for these systems to convince the user that it is in fact functioning
correctly, makes use of an adequate database, has been properly set up, etc. To
satisfy the user’s need for explanation the output should not contain much irrelevant
information, nor should it be poorly organized, in order to make the output easy to
understand. A system’s memory dump or a trace of its computation is therefore not
sufficient. More sophisticated techniques should be used for this purpose, e.g. natural
language generation. (Gregor and Benbasat 1999)

2.3.3

Classification of explanations

Within the Intelligent System domain, explanations have been classified along three
dimensions: (Gönül, Önkal, and Lawrence 2006)
1. The content of explanations,
2. The provision mechanism of explanations, and
3. The presentation format of explanations.
The following paragraphs will elaborate on these classifications and provide information on the characteristics of explanations in Intelligent Systems.
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Content
The content of explanations can be described as the information that is communicated
to the user of the system. This includes the actual information, the purpose of the
information and how the information is obtained by the system. Gönül, Önkal, and
Lawrence (2006) state that within the content of explanations there are three main
categories. A fourth category is introduced by Gregor and Benbasat (1999) and is
called terminological explanation. Below the four categories are described.

Reasoning/trace explanation The first category is called reasoning or trace explanations. This is the most commonly used explanation type as they can be generated as a by-product during the processing of the system outcome and are therefore
relatively easy to design. These explanations generate a report of the information,
rules, processes and steps that are used by the system to reach the recommendation
or the outcome it has generated for a particular case. A reasoning/trace explanation
answers the question ‘how’, by providing insight into the internal procedure that is
used by the system. As an example, a DSS can provide a log along with the advice
output it generates. From the log the user can see the input and parameters, the
database that is used, the information that is gathered from the database, and how
the information is processed.

Justification explanation The second category of explanations is the justification
explanations. These explanations are often generated from the knowledge model that
is behind a generated outcome. They invoke the theory or causal model that is used
for the generation of the outcome or recommendation to justify this outcome. The
rationale behind the recommendation, decision or advice is provided. In this respect,
they generally answer the question ‘why’. Compared to the other types of explanations, justification explanations have been found to be the most effective in increasing
the acceptance of conclusions derived by an Intelligent System. According to Gregor
and Benbasat (1999) the model of argumentation provided by Toulmin should be
considered in order to generate effective justification explanations. Toulmin’s model
shows how ‘warrants’ and ‘backings’ are elements in any explicit argument (explanation). In the case of a system’s explanation system these warrants and backings
can be obtained from the knowledge model of the system. For this type of explanation, a DSS can show the user, for example, why certain decisions are made, what
alternatives were available and why the decision output was the best option.

Strategic/control explanation The third category of explanations within the
content dimension is the strategic explanation. These explanations are used for clarifying how the overall problem-solving strategy of the system operates. They try to
provide a global insight into the operation of the system by summarizing the planning, strategy and higher level goals of the system. A DSS can, for instance, try to
explain to the user what strategy is used to make a decision. E.g. it shows what
information it needs, how it tries to get the information, what the system is doing
with the information and what it does when no decision can be made. Due to the
difficulties in the generation and presentation of these type of explanations, they are
less commonly implemented.

Terminological explanation The last category provides information about the
terms used by experts in a particular domain to communicate with one another.
These terms represent concepts and relationships that are common within a particular
domain. Terminological explanations are likely to be used for user assistance with
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data input or report analysis. A well-known example is the tool tip that pops up
when a user needs to fill out a text field in a form. The tool tip provides information
about the input that is needed in the text field.

Provision mechanism
The second dimension of classification of explanations involves the way users can
access the explanations. This is called the provision mechanism and it can be either
user-invoked, automatic or intelligent. (Gönül, Önkal, and Lawrence 2006)
User-invoked explanations This mechanism provides explanations only at the request of the user. Accessing an explanation is possible by clicking an icon or
hyper-link, pressing a key, writing a command or any other available mechanism.
Automatic explanations This type of provision mechanism gives no control to the
user. Instead, the explanations are shown automatically at all times.
Intelligent explanations The last mechanism provides explanations whenever the
system thinks the user needs it. This involves complicated AI decisions and is
possible, for example, by using user profiles containing information about the
knowledge level of the user.

Presentation format
The third and last dimension is called the presentation format. This refers to the
format in which the explanation is presented to the user. Basically, there are two
types: text-based or multimedia format. (Gönül, Önkal, and Lawrence 2006)
Text-based This type is the simplest format and the easiest to implement. The
provided explanation texts can be either predetermined sentences (i.e. ‘canned ’
text) or it can generate explanations by an integrated rule system that combines
sentences. Natural language has been found to be effective in increasing the
transparency of the Intelligent System, which can lead to better acceptability
of the system.
Multimedia The multimedia presentation format makes use of more than simple
text. Graphs, pictures and animations can be included to increase the persuasive
power of the system and increase confidence in the system’s output. Compared
to the text-based format, this type is harder to develop and can be expensive.

2.3.4

Other characteristics

Beside the different classifications described above there are other characteristics of
explanations that can be identified.

Generic vs. case-specific explanations
Explanation content can be further distinguished by whether the explanation is generic
or case-specific. The generic type of explanations contain general terms that are applicable for every case of a problem solving method. Terminological explanations are
generally of this type. In contrast, explanations can be generated case-specific and
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include references to data that are relevant for a specific case of the problem solving
method. Reasoning/trace, justification, and strategic/control explanations are mostly
case-specific. For example, a justification explanation can refer to specific data in the
knowledge model to justify a specific conclusion. (Gregor and Benbasat 1999)

The role of explanations
An explanation is designed and presented to the user for some reason. More specifically, every explanation has one or more functions (or goals) that make the explanation useful. Gönül, Önkal, and Lawrence (2006) describe three possible goals that an
explanation can assist in:
• explain a perceived anomaly,
• supply extra knowledge,
• facilitate learning from the system.
People typically demand an explanation, when they encounter a perceived anomaly
in the advice they are given. In the case of Intelligent Systems this can occur when
the advice/conclusion is not in line with what the user expected. To make the user
understand the nonconforming advice the system can help by providing an explanation. The explanation can clarify that the advice given does in fact match the user’s
expectations. It can also try to resolve the contradiction between the user’s expectations and the system’s outcome by providing additional information that justifies the
outcome.
In order to participate effectively in a problem-solving task a user of an Intelligent
System might need extra knowledge. An explanation system can help the user by
providing additional and prompt information that complements the user’s knowledge. Helping the user by supplying extra knowledge can therefore be another goal
of explanations. It has been found that in a cooperative problem-solving task explanations that provide additional knowledge can increase the user’s performance on
performing the task.
While using an Intelligent System users may need information for a short or long
term. Long term needs are related to learning which is important for increasing the
effectiveness of problem solving in general, or specific system use. For example, users
of a DSS may be able to learn about the system and the problem domain from the
information provided to them by means of explanations. This can indirectly enhance
their effectiveness and efficiency in future tasks, either related to the system or not.
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Related work
This chapter gives an overview of research related to the topics that are relevant for
the current study. First, work on user acceptance of DSSs is discussed. Then, the
application and impact of explanation capabilities, especially with regard to DSSs, is
illuminated by means of previous research.

3.1

User acceptance of DSS

The use of DSSs is rapidly growing and development of these systems is extensively
stimulated by researchers and practitioners spending high effort and large amounts
of money. Still, there is a lack of success of DSSs, mainly in perspective of actual
usage of the systems. As can be read in the introduction, Uran and Janssen (2003)
point out possible reasons for the poor usage of a DSS. Users may find the system
too detailed, complex, time consuming and costly to use. Other reasons are related
to the uncertainty of the model output and on the appropriateness of the DSS for
solving the problem. Limited involvement of users in the development phase and
lack of training in DSS usage are also described as possible causes. It has also been
found that, although presentation of output is in most cases adequate, DSSs provide
limited or no support for analyzing and evaluating the generated output. Finally, the
authors mention communication and trust hurdles as factors constraining the usage.
They conclude that all these reasons are possibly influencing how easily systems can
be used for their purpose and are therefore undermining system usage.
In addition, Ghasemzadeh and Archer (2000) argue that, in order to increase system
usage, a DSS must have a user-friendly interface that provides a bridge between users
and other components of the DSS. This interface should hide the complexities of the
system and its models from decision-makers. A highly sophisticated DSS with a very
poor interface might not be accepted by the user, or not even be used.
In a user centered study on an intelligent DSS, French et al. (1998) identified a set
of criteria that could contribute to usage of a DSS. Beside completeness, format and
volume of output, timeliness and flexibility, other criteria were described that are
related to user acceptance. Perceived utility, Relevance, Performance and Usefulness
are criteria that can be combined to a definition comparable with Perceived Usefulness
defined by Davis (1989). Additionally, the criteria Understanding of the System, Ease
of Learning and Ease of Use are also correlated to DSS usage and can be traced back
to the definition of Ease of Use by Davis (1989).
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Wierenga, Van Bruggen, and Staelin (1999) studied levels of success for a special kind
of DSS, called marketing-management-support systems (MMSS). They distinguish
four levels of success: technical validity, adoption and use of the MMSS, impact for
the user, and impact for the organization. The user impact refers to how well the
MMSS performs in the perception of the user, which is comparable with Davis’ (1989)
Perceived Usefulness. Adoption and use of the MMSS is more related to System Usage
and Use Acceptance (Davis 1989). This level of success has been studied further
by Wierenga and Van Bruggen (2001). They conclude their study by presenting a
set of lessons about developing, implementing, and usage of marketing-managementsupport systems. First, developing systems that are tailor made to the specific decision
situation of the user may be an important success factor. Second, (marketing) decision
makers want to remain in charge. Therefore a DSS should not be designed to replace
the decision maker but to enhance the effectiveness of the decision maker. Third,
integration of different support technologies in a single DSS is important. Finally,
while designing a DSS, user-friendliness and attractiveness should have a major focus.
In general, decision makers are no computer freaks and can only be convinced to use
a DSS by keeping the barriers low.
Related to this last lesson is the statement of Sprague (1980) that “a DSS should be
easy to use”. Used descriptions for this characteristic include flexibility, user friendly,
and nonthreatening. According to the author, this characteristic is important because
of the freedom of the user to ignore the system and leave it unused. Therefore, a DSS
must ‘earn’ its users’ allegiance by being valuable and convenient.
An earlier study by Shortliffe and Teach (1981) on computer-based clinical consultation systems shows that physicians will reject a system that dogmatically offers
advice. Apparently, physicians prefer the concept of a system that functions as much
like a human consultant as possible. Impressive diagnostic accuracy and an ability to
provide reliable treatment plans is not sufficient to convince physicians to use a consultation system. The authors conclude that the more natural interactive capabilities
are, the more likely the system will be used. In this perspective, at least four features
appear to be highly desirable:
Explanation A system that gives dogmatic advice is likely to be rejected. The system should be capable of justifying its advice in terms that are understandable
and persuasive. Additionally, explanations should be adapted to the characteristics of the user in order to enhance the user experience.
Common sense The process of a problem-solving session should ‘seem reasonable’.
This can be achieved by mimicking the user’s reasoning processes as much as
possible. It has been found that systems that draw upon this idea are likely to
find an improved level of acceptance.
Knowledge representation The system should be kept up to date, especially the
knowledge base of the system should be complemented and adjusted while it
is in use. One approach is the automatic ‘learning’ of new domain knowledge
by means of interaction with expert users, or ‘experience’ once the system is in
regular use.
Usability Interaction between the user and system should be as easy to learn and
understandable as possible. Ease of use is the key to user acceptability. This
can be achieved by understandable system output and easy input methods that
understand text or spoken language.
In the field of project portfolio selection Ghasemzadeh and Archer (2000) studied
the application of DSS while focusing on the user acceptance. First they found that
optimization techniques are most suitable for project portfolio selection. However,
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these techniques have largely failed to gain user acceptance. One of the major reasons
for the failure of traditional optimization techniques is that they prescribe solutions
to portfolio selection problems without allowing for the judgment, experience and
insight of the decision maker. In an attempt to increase the user acceptance, the
authors examined a decision support approach to project portfolio selection. They
developed a DSS that did not prescribe a certain portfolio, but assisted decision
makers to find a satisfactory portfolio. The test results suggest that the DSS is a
useful tool for project portfolio selection. However, they also tested users’ system
perception with respect to the Technology Acceptance Model by Davis (1989) and
concluded that users will not adopt and use the DSS unless they perceive it as a
useful and easy to use tool.

3.2

Explanation in DSS

According to Barzilay et al. (1998) explanations have been universally acknowledged
as a desirable functionality and the generation of these explanations from knowledgebased applications seems to be relatively straight-forward. The development of explanation capabilities in Intelligent Systems started to attract attention since the
introduction of MYCIN (Gönül, Önkal, and Lawrence 2006). This medical expert
system incorporated an explanation facility and was developed during the 1970s.
Some basic assumption on the use of explanations are presented by an early study of
Berry and Broadbent (1987) on computer-assisted search tasks. The authors confirm
that explanations are beneficial but also found that not all types of explanation are
equally beneficial. In their experiment subjects required an explanation that applied
directly to the decision being made, and at the time at which that decision was being
made. The authors also argue that once a satisfactory level of performance has been
attained it is not necessary to keep providing explanations. Besides, they state that
users of expert systems may benefit more from explanations about the reasoning and
inference mechanisms involved than explanations based on domain knowledge.
Berry and Broadbent (1987) also identified ‘roles’ that explanation could play in relation to expert systems. A good explanation facility should be helpful at several levels.
First, it should instruct the naive user about the knowledge in the system. Second,
a sophisticated user should be convinced that the system’s knowledge and reasoning
processes are appropriate. Third, it could help knowledge engineers in the process
of testing and debugging a system during development. Additionally, explanation
facilities could inform both naive and sophisticated users about alternative courses of
action.
An extensive review by Gregor and Benbasat (1999) resulted in a view on explanation
capabilities that has been shared by multiple researchers. This view was constructed
by answering questions about, for example, the needs, the types, use, and benefits
of explanations. The first question was concerned with the need for explanations in
intelligent systems. It appears that, in general, explanations should be provided in
intelligent systems as in many occasions users want it. However, the need is highly
context-specific which can cause a low use of explanations in particular situations.
The next question focused on the different types of explanation. The explanations
that are needed in intelligent systems should be considered in terms of the three classification dimensions content, provision mechanism and presentation format (which
are discussed in the Background section of this report). With respect to the content
of explanations, justification-type explanations appear to be very efficacious, which
was claimed to be congruent with Toulmin’s model of argumentation. In addition,
terminological explanations appear to be generally useful, improve performance, and
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in some cases decrease the need for other types of explanations. In one study it has
been found that terminological explanations were more useful than reasoning-trace
explanations in particular situations. Concerning the provision mechanism, it had
been found that cognitive effort needed to access the explanations should be reduced
to a minimum. The perceived effort of requesting an explanation, even through a
single keystroke, might be sufficient to discourage users from requesting an explanation. Automatic provision is therefore more desirable than user-invoked explanations.
Hypertext appears also to offer advantages, such as reducing the cost of accessing
explanations. Intelligent provision mechanisms are expected to offer advantages but
there is little empirical evidence for this assumption. Finally, any important explanation should always be presented to the subject automatically. For the presentation
format it is suggested to follow general rules for interface design due to the lack of
empirical evidence for recommending one specific method.
Subsequently, Gregor and Benbasat (1999) focused on issues concerned with when
and how explanations are likely to be used, what tasks are more likely to require
explanations, and who is most likely to use explanations. First, terminological-type
explanations are likely to be used as support with data input throughout the whole
process of problem solving. Other explanation types, especially justification-type, are
likely to be used at the end of a problem solving session. Second, if tasks involve
learning rather than problem solving, users require all types of explanation, except
the terminology type. User also require more explanations in tasks performed with
supportive rather than prescriptive Intelligence Systems. Additionally, explanations
in Intelligent Systems has been perceived as useful for report production tasks. Third,
individual differences have been studied in relation to explanations. Significant differences only appear to exist between experts and novices in the use of explanations.
Novices use explanations more for learning and understanding, experts more for verification.
The last question that is examined by Gregor and Benbasat (1999) focused on the benefits from explanations. As the authors do not elaborate on this topic very extensively,
the next paragraphs are meant to discuss related work on benefits of explanations in
more detail.
Gönül, Önkal, and Lawrence (2006) describe research conducted on the effects of explanations based on cognitive learning theory. It is suggested that users learn from
explanations provided by intelligent systems and that their understanding increases.
This implies the improvement in decision making performance, in terms of both accuracy and speed. The second implication is the increase of the perception of the user
towards the system, resulting in the acceptance of the system. This improvement
involves the improvements in perceptions of ease of use, of usefulness, of satisfaction,
and of trust. The same conclusions on performance and learning are drawn by Gregor
and Benbasat (1999). Although in their research learning from explanations was not
visible in every situation, the provision of explanations has the potential to improve
performance and more positive user perception. The authors advice practical managers and developers of information systems to increase the focus on the inclusion of
explanations in any system that has an ‘intelligent’ component. Additionally, they
note that the design of explanation facilities is important as they will not be used if
the user has to exert too much effort to get them. People will request and use an
explanation as long as the benefit gained from the explanation outweighs the mental
effort spent in the absence of it. (French et al. 1998) confirms the facilitation of learning and improved performance by explanation facilities. Additionally, they conclude
from their research that explanations influence confidence and satisfaction levels of
users. They also suggest the use of natural language for presenting the results of a
DSS and justifying the models used. (French et al. 1998)
Another effect of explanations involves the increased transparency of the system
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(Gönül, Önkal, and Lawrence 2006). By showing how the system operates and how
it generates an outcome, users perceive the system as being logical and its advice as
being justified and useful. The lack of transparency of DSS technology is an issue that
is also acknowledged by Cox (1996). Increased transparency by means of explanation
facilities is therefore a relevant effect in perspective of the current research. Bohanec
and Rajkovĭc (1990) also emphasize the explicitness and transparency of the reasoning
model of a DSS. They state that powerful and user understandable explanation can
support in making DSSs more transparent. A research by Papamichail and French
(2003) shows that explanations increase the transparency of the evaluation process of
a DSS and helps the decision makers identify the most significant factors that drive
their decision making. This can help the decision makers to justify their decisions to
the public as it improves the confidence in their judgments. In order to add transparency two natural language reports are generated. One report is concerned with the
comparison of possible strategies and interpretation of the DSS outcome. The other
report shows the effect of parameter adjustments on the DSS outcome and provides
a sensitivity analysis.
In their study about use of explanations in DSSs (Gönül, Önkal, and Lawrence 2006)
state that the success of a DSS not simply dependents on the accuracy of its results,
but the acceptance of these results by its users. They continue by arguing that provision of an explanation may constitute one of the most effective methods for improving
the acceptance of DSS advice. Not all types of explanations appear to be equally effective in persuading the user that the advice is acceptable. The authors focused on
the underlying structural characteristics of explanations in relation to their persuasive
effectiveness. Their results show that long explanations expressed in a strongly confident style seem to be most influential. However, if short explanations are required,
presenting them in weakly confident wording is better. Such explanations also appear to increase the perception of usefulness, which is described as the explanations’
perceived information value.
In the same study, Gönül, Önkal, and Lawrence (2006) describe a research performed
to examine the relation between explanations in a managerial forecast DSS and the
acceptance of the advice. Explanations were divided into two types: technical explanations and managerial explanations. The first was a ‘trace’ type explanation that
illuminated the technique used by a DSS for reasoning and generating an advice. The
latter was a ‘justification’ type explanation and focused on what the advice implied
and why the advice is justified for the decision in question. The study concluded that
providing explanations in either format had a positive effect on the acceptance of the
advice. Another effect was the increase of the decision maker’s confidence.
In an attempt to better manage the software engineering aspect of explainable expert
system development, Barzilay et al. (1998) presented a classification of types of knowledge. This classification into reasoning domain knowledge, communication domain
knowledge, and domain communication knowledge appeared to be useful for system
outcome explanations techniques. The approach was focused on ‘justification’ type
of explanations and suited for “Why are you recommending this?” type of questions
of the end-user. The researcher think that answers to “Why are you asking?” are
of equal importance. Extending their approach by including a model of the expert
system itself is presented as one possible solution for this limitation.

3.3

Implications for current research

The first part of this chapter has given some insight into previous research on User
Acceptance in relation to Decision Support Systems, and Information Systems in general. For the experiment of the current research the latter part is the most interesting.
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Useful design implications for explanation capabilities are revealed from related work.
These implications can be applied to the test application for the experiment. The
first of the most relevant implications is concerned with the provision method: the
automatic provision mechanism appears to be the most desired method. The second
implication is related to the content of explanations. The justification type or terminological type are most effective and desired by users. Both implications are taken
into account during the development of the test application for the experiment.
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Research methods
This chapter describes the hypothesis model and how it is tested by means of an
experiment. An on-line test application called “Optimizer” has been created including
a questionnaire that needs to be filled out by the participants of the experiment. First,
the hypothesis model is described. Then a description of the on-line test application
and information about the experiment is provided.

4.1

Hypotheses

A hypothesis model is designed to answer the research question “Do explanation
capabilities in a Business Intelligence Decision Support System increase Behavioral
Intention?” The hypotheses are mainly based on the Technology Acceptance Model
(TAM) of Davis (1989), partly based on the UTAUT model developed by Venkatesh
et al. (2003), and partly based on results from related studies (Davis 1989; Davis,
Bagozzi, and Warshaw 1989; Venkatesh and Davis 2000).
In figure 4.1 the hypothesis model is shown. The two determinants Perceived Usefulness and Perceived Ease of Use are derived from TAM in which the determinants
are directly connected to the concept of User Acceptance. As in this experiment the
system being tested is a test application and is not being used in a real life situation,
User Acceptance is difficult to measure. Therefore this concept is indirectly measured by means of Behavioral Intention (Venkatesh et al. 2003). As can be seen in the
hypothesis model the effect of Explanation Capabilities on Behavioral Intention and
its two determinants is tested, as well as the relation between the determinants and
Behavioral Intention. By means of this model the effects of explanations capabilities
on User Acceptance is examined. Below the different hypotheses are explained in
further detail.
H1. Implementation of explanation capabilities in a BI DSS results in a higher Perceived Usefulness.
Based on scientific literature, explanation capabilities can enhance the perceived usefulness of information systems. Testing this hypothesis can give insight in whether
this counts for BI DSSs as well.
H2. Implementation of explanation capabilities in a BI DSS results in a higher Perceived Ease of Use.
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Figure 4.1: The hypothesis model which is tested in the experiment.

Former studies suggest that individuals’ Perceived Ease of Use of information systems
can be increased by implementing explanation capabilities. This hypothesis is used to
test whether Perceived Ease of Use of BI DSSs is positively influenced by explanation
capabilities.
H3. Implementation of explanation capabilities in a BI DSS results in a higher Behavioral Intention.
This hypothesis is used to test whether explanation capabilities increase the Behavioral Intention of users of a BI DSS. Considering Behavioral Intention as a main
determinant of User Acceptance, the result of testing this hypothesis can reveal how
explanation capabilities affect User Acceptance.
H4a. Perceived Usefulness is positively correlated with the Behavioral Intention of
users of a BI DSS.
H4b. Perceived Ease of Use is positively correlated with the Behavioral Intention of
users of a BI DSS.
From previous studies it can be concluded that both an increase of Perceived Usefulness and Perceived Ease of Use positively influences the Behavioral Intention of users
of a BI DSS. These two hypotheses are tested to check this conclusion. However, it
must be noted that in the current experimental setup it is only possible to measure
the correlation and no conclusion can be drawn about the direction of the correlation.
According to the UTAUT model (Venkatesh et al. 2003) the effect of the determinants
on Behavioral Intention is influenced by four moderators: Gender, Age, Experience
and Voluntariness of Use. In the current experiment these moderators are out of scope
and therefore not included in the hypothesis model. Moreover, considering the projected group of students as participants for the experiment, three of the four described
moderators are expected to be equal between participants. First, the participants are
explicitly asked to use the test system so usage is involuntary for all of them. Second,
participants are probably all within the same age range (18-23). Third, participants
have no experience with the system because it is a testing system which has never
been used before. Consequently, their level of experience with the system is equal.
With regard to BI DSSs in general, the experience level of the participants can be
considered equal as well because they are all students and will have little working
experience in the industry. Overall, it is expected that these three moderators do not
differ between participants. The only moderator possibly differentiating participants
is gender. Although this moderator is registered during the experiment, it is not
included in the hypothesis model since the effect of this moderator is not focused on
in the current research.
32

4. Research methods

4.2

Optimizer

The on-line test application used for the current study is based on a DSS called “Optimizer” which has been developed by UMS Group. This off line tool is programmed
in Visual Basic for Applications and runs in Microsoft Excel. It has been used by
multiple utility companies to help optimize the project investment portfolio. Its main
function is to support the project selection process in order to maximize the value
and minimize any possible risk.

4.2.1

Purpose and functionality

Most organizations have to choose which projects to invest in from a list of available
projects. This selection is necessary because of many possible reasons, for example,
the available budget is insufficient for covering the costs of all projects. The collection of selected projects is called the investment portfolio. The main purpose of the
Optimizer is to support the selection of projects to optimize the investment portfolio.
Optimization is mainly based on the costs, value and risk of each project (there are
some other factors that come into play but those are not relevant in this context).
The value of each project is a normalized score that represents the added value for
the organization when the project is invested in. The risk score of a project is also
a normalized score and represents how much risk is introduced if the project is not
invested in. Both value and risk scores are determined prior to the actual optimization
step and stored along with additional project information. The scores are calculated
from sub scores for every domain that is focused on by the organization. These
domains are called the Strategic Objectives of the organization and their relative
importance is used in the optimization process.
When the tool and all necessary data are set up users can run multiple optimizations with different parameter settings. Although there are multiple ways to run an
optimization, every run consists of a step-by-step process that results in a suggested
list of projects. These suggested lists are calculated basically by a comparison of all
projects based on costs, value and risk. Calculations are made by means of the Simplex algorithm which is an algorithm for numerical solution of the linear programming
problem. During the optimization steps users can add or remove projects from the
portfolio. Different optimization runs can be stored as scenarios and be compared
afterwards to find an optimized portfolio that suits the organization’s needs best.
Generated optimization reports help the user in analyzing the optimization results
and finding a satisficing portfolio.

4.2.2

On line test application

The on line test application developed for the experiment is a light weight version
of the off line Optimizer. Only basic functionality is implemented to make it possible for participants to use it after a short introduction. The application provides
functionality to overview available information on projects and scenarios. Users can
run multiple scenarios and after a step-by-step optimization process a report can be
opened to examine the results of the optimization. To prevent participants from
being overwhelmed by complex functionality, the test application is focused on the
optimization process and the reporting of the results. Therefore, in contrary to the
original tool, there is no functionality available to compare scenarios side by side.
Neither can participants add or remove projects to or from the suggested investment
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portfolio. Also the adjustment of optimization parameters is limited to setting the
budget and defining the relative weightings of the strategic objectives.
The application is web based and can be used in most modern web browsers. Different
techniques are used to build the Optimizer: XHTML and CSS for the presentation of
the application, JavaScript for advanced user interaction and validation, and PHP and
MySQL for application control, session handling, and data retrieval, manipulation
and storage. The application complies to most web standards and is hosted on a
third-party web server.
The simplex algorithm has been programmed into the test application. However,
after some testing the implementation appeared to be too slow to let the Optimizer
smoothly calculate project selections in real-time. To prevent long system response
times during the experiment, simulations of the project selection calculations are
programmed. The difference between real-time and simulated calculations is unnoticeable. As the simulation has no influence on the user experience the programmed
simulations are justified.

4.2.3

Explanation capabilities

There are two different versions of the on line test application. The first one only
provides minimal guidance and information that is required for the user to work with
the Optimizer. The second version provides additional guidance and information by
facilitating explanation capabilities. These explanation capabilities consist of explanatory text displayed during system use. The presentation format of the explanations
is text-based. As the explanations are instantly and always visible for the user, the
provision mechanism can be classified as automatic, which appears to be a desired
method according to Gregor and Benbasat (1999). An intelligent provision mechanism
might even be more effective but this would be too complex to develop.
The explanations are available for the user when an optimization run is performed
and when the user evaluates the report resulting from an optimization run. During
an optimization run the explanations provide answers to the following questions for
each step (if applicable):

What? What does the step mean? What input is actually needed from the user?
Regarding the content of these explanations it can be classified as terminological
explanations.
Why? Why is this step needed? Why should the user provide the input that is asked
for? The content of this explanation is a justification of the required input. It
also functions as a justification of the outcome of the optimization process as it
shows what data is used for generating the outcome.
How? How is the step executed? How does the program use the user input? These
explanations try to justify the outcome by explaining how the Optimizer uses
the input for the portfolio optimization. The added transparency can also result
in a higher level of confidence of the user in the system.

The content of the explanations described above are either of the justification type
or terminological type. Compared to the other two content types (reasoning/trace
explanation’ and ’strategic/control explanation’) these types are best applicable in
the test application and also appear to be effective and desired by users (Gregor
and Benbasat 1999). The complexity of the alternative types was also a reason for
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Figure 4.2: Explanations are automatically presented to the user in a green box on
the right during an optimization run.
not implementing them. Figure 4.2 shows how the explanations look like during an
optimization run.
When the user evaluates the optimization results by opening the generated report
the explanations provide information about how to interpret the presented tables
and charts. Opening an enlarged version of each chart shows explanations about the
particular chart. These explanations tell the user what is being shown in the chart
and how to interpret the chart. It also gives a narrative of an example analysis with
actual data from the charts. The content type of the explanations can be classified as
terminological explanations as they explain the meaning of the charts and how they
need to be interpreted. Figure 4.3 shows how these explanations look like.
The text of most explanations is static which means that the text is stored and no
generation is needed. As a result the content of those explanations is in every case
the same. For the explanations that provide a narrative of an example analysis, the
text is generated by means of templates. In these templates variables are replaced
by data from optimization results. Although the used techniques are not as powerful
as natural language processing, they are sufficient for the purpose of the current
experiment.
More screenshots of the explanation capabilities and the test application can be found
in appendix A.

4.3

Experiment

The on line test application has been used for an on line experiment that is described
in this section.

4.3.1

Experimental design

In order to measure the effect of explanation capabilities on users of the Optimizer, a
randomized experimental design is used. Participants of the experiment are randomly
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Figure 4.3: Explanations provided with a chart. An example analysis is described
with actual data from the chart.
assigned to the experimental or control group. The experimental group had to use the
Optimizer version that included the explanation capabilities. The version without the
explanation capabilities was presented to the control group. After the participants
used the Optimizer, the participants’ perception of the two versions is measured by
means of a questionnaire.

4.3.2

Participants

The population of interest for this experiment consists of managers and executives
that use Business Intelligence Decision Support Systems. However, it is hard to find
participants from the actual population. To obtain a sample frame as representative
as possible, students of the Faculty of Economics and Business of the University of
Groningen are contacted to participate in the experiment. The URL of the on line
application (http://optimizer.coenboschker.com) is posted on a web portal of
the faculty accompanied by a short explanation of the project and experiment. As
a reward participating students received a USB Flash Drive worth EUR 10,-. The
responses of 40 students were useful for the experiment. The test application divided
the participants evenly among the experimental (20) and control (20) group. Detailed
information about the participants can be found in chapter 5 Results.
While the sample is not as representative as desired for the original population of
interest, and no random selection is applied because of a low response from the sample
frame, generalizability of the sample was not a primary goal. The major goal of
this experiment is to determine whether explanation capabilities improve the user
acceptance of the Optimizer tool, and BI DSSs in general. Choosing the students as
sampling frame is therefore acceptable, if not preferable, considering the homogeneity
between subjects regarding background knowledge, age and educational level.

4.3.3

Procedure

When participants open the test application in a web browser they have to login with
a user name and password provided with the URL. After logging in successfully the
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application assigns every user to the experimental or control group. Participants in
both groups are asked to complete five steps during the experiment, including a set
of tasks and a questionnaire.
During the first step a welcome screen informs the participant about the experiment. The second step provides relevant background information about the application which makes the user aware of the purpose and functionality of the Optimizer.
This step also illustrates a fictional case of a Electric Distribution company in which
the participant has to imagine that he is the project portfolio manager of the company. In the third step the user is asked to perform some tasks and fill out answers to
questions concerning the generated reports. The fourth step contains a questionnaire
that needs to be filled out by the participant. After completing the questionnaire the
user continues to the fifth and last step where he is asked to fill out his email address.
The application thanks the user for his participation and automatically logs out the
user. During the experimental session all user input is stored in the database in a
format usable for statistical analysis.
The following paragraphs will describe steps 3 (Tasks) and 4 (Questionnaire) in more
detail.

4.3.4

Tasks

During the third step the participant is asked to perform 4 tasks by using the functionality of the Optimizer. Two tasks consist of running an optimization scenario.
The other two tasks consists of answering questions by examining the generated reports. The instruction window provides short descriptions of the tasks accompanied
by screen shots. When the instruction window is closed the user can always re-open
it by clicking a link displayed in a bar on top of the browser window. A task can
only be performed when the previous task is finished. After finishing a task the user
cannot perform the task again.

Task 1 and 3: Run scenario optimizations
In the first and third tasks the user is asked to run an optimization for respectively
the first and second predefined scenarios. When the user clicks ‘run’ the optimization
process starts and a 7 steps navigation is displayed. The first step screen opens up
and displays an input field where the user has to fill out the available budget for the
scenario. For these tasks the user is instructed that the available budget is 5 million
for the first scenario and 2 million for the second. By clicking ’Next’ the participant
moves on to step 2 where he can set the weightings of the Strategic Objectives. This
is done by interactive sliders that enable the user to set weightings by means of
Analytical Hierarchy Process. The Analytic Hierarchy Process (AHP) is a structured
technique for dealing with complex decisions (Saaty 1980). The relative weightings
help the user to determine the Strategic Objective weightings. The participant can
set the relative weightings to anything he wants but a warning pops up when the
weightings are not consistent. During the last steps the user is not asked for any input.
Instead, he has to click various buttons to start different stages of the optimization
process. In step 3 the user has to start an optimization on the available projects
solely based on the value scores. In step 4 an optimization is performed based on the
risk scores. The two separate lists of selected projects of step 3 and 4 are contrasted
in step 5. This results in a list of projects that are required for both optimal value
creation and optimal risk elimination. In step 6 the remaining available projects are
processed to find an optimized project portfolio that maximizes value and minimizes
risk within the available budget. Step 7 is the final step and displays information
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about the optimization process. When the user finishes the process by clicking the
‘Done’ button the instruction window re-opens and presents the next task.

Figure 4.4: Screen shot of the test application showing the description of task 1.
Tasks 1 and 3 are included to let the user interact with the Optimizer and to let
the user experience how an optimization is processed step-by-step. The interface is
designed to keep it as simple as possible. For example, the user can only choose
between 2 or 3 buttons in every step.

Task 2 and 4: Review optimization reports

The second and fourth tasks are review tasks that consist of 2 and 3 questions about
the generated optimization reports. The user has to open the report related to the
relevant scenario and navigate through the different pages in order to find answers
to the questions. Examples of these questions are “How many projects with risk
level 4 are selected (approximately)?” and “What’s the absolute value of the selected
projects for the Strategic Objective ‘Customer Satisfaction’ ?” A report starts with
an overview page where the general results of the optimization process is presented,
e.g. number of total projects, number of projects selected, and budget spent. The
overview also contains a list with selected projects and four low-detail charts that
display important statistics. Clicking a chart takes the user to a full-detail version
which can be used to analyze the optimization results graphically. While analyzing
the reports users can submit the answers on the instruction windows. When the
user moves on to the next task the application checks whether all answers are filled
out. The application does not check whether the answers are right or wrong and no
feedback is provided to the user.
Tasks 2 and 4 are designed for letting the user use the application and interpret the
generated reports. As the reports present the results of the optimization process they
are important for the overall user experience. Users also need to understand the
reports to provide answers.
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4.3.5

Questionnaire

When the user completes all tasks he moves on to step 4 of the experiment. In this
step the user has to fill out a questionnaire that is designed for the operationalization
of the concepts Perceived Usefulness, Perceived Ease of Use and Behavioral Intention.
The operationalization is based on the scales of the Technology Acceptance Model of
Davis (1989) which provides a solid basis for the measurement of these concepts.
The validity of the scales is tested by multiple studies (Davis, Bagozzi, and Warshaw
1989; Adams, Nelson, and Todd 1992; Venkatesh and Davis 2000; Venkatesh et al.
2003). According to Davis (1989) they performed well on the psychometrical dimension, both after brief introductions to the target system and after substantial user
experience with the target system. Since the subjects will probably use the Optimizer for a short time after a short introduction, the scales are appropriate to use in
this experimental setting. Adams, Nelson, and Todd (1992) found in their replication
of the Technology Acceptance Model that the Perceived Ease of Use and Usefulness
scales developed by Davis fared well. The results demonstrate essentially the same
reliability and validity characteristics as presented by Davis (1989). The authors additionally found that their result indicated the general applicability of the scales for
different types of research questions.
In the questionnaire the scales are measured by letting participants indicate their
agreement on 25 statements, or items. Each item is scored on a 7-point Likert scale
where a score of 1 means ‘Strongly disagree’, 2 means ‘Disagree’, 3 means ‘Slightly
disagree’, 4 means ‘Neutral’, 5 means ‘Slightly agree’, 6 means ‘Agree’ and 7 means
‘Strongly agree’. The amount of ‘positive’ and ‘negative’ items is balanced to prevent
biased outcomes. For readability reasons, the statements were subdivided into 7 sections: understandability, ease of use, ease of learning, performance, effectiveness and
efficiency, usefulness, and intentions. These categories are only used for structuring
the questionnaire and not for the actual measurements. As an example part of the
questionnaire is shown in figure 4.5.

Figure 4.5: Screen shot of the test application showing a section of the questionnaire.
10 of the 25 items are used for Perceived Usefulness, 12 for Perceived Ease of Use
and 3 for Behavioral Intention. The items for the first two scales are based on prior
research (Davis 1989; Davis, Bagozzi, and Warshaw 1989; Venkatesh and Davis 2000;
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Venkatesh et al. 2003). In most of these researches 3 to 5 items are used for each scale.
In order to make the items more concrete and understandable, items are combined to
single items or split into multiple items.
For the third scale, Behavioral Intention, only one or two items are used in previous experiments. For a more accurate measurement of this concept three cases are
described in which the Optimizer can be used. For each case the participant has to
indicate to what extent he intends to use the Optimizer. To check whether an effect
between cases exists on Behavioral Intention the cases are designed in such a way
that the need for the Optimizer increases among the range of cases. I.e. the first case
describes a situation in which only basic functionality of the Optimizer is required.
The second case requires more functionality and the third case requires even more
sophisticated functionality. The three cases are:
Case 1: Basic constraints “As a manager of an electrical distribution company
you are responsible for next year’s investment portfolio. Due to the economic
turn-down there is a smaller budget available than last years. There are 100
projects to select from and the budget can approximately cover 25% of the
projects. You have to present next year’s investment portfolio to the executive
board and make clear how the economic turn-down affects the project selection.
All project information is stored in the database of the Optimizer, accompanied
by the value and risk score on every Strategic Objective.”
Case 2: Advanced parameters “As a manager of an electrical distribution company you are responsible for next year’s investment portfolio. You have to choose
from 150 available projects and the budget can cover approximately 80% of all
projects. The executive board asks you to present the best selection of projects
in order to maximize value and minimize risk. They are especially interested in
how value and risk are affected by choosing different relative Strategic Objective
weightings. All project information is stored in the database of the Optimizer,
accompanied by the value and risk score on every Strategic Objective.”
Case 3: Scenario comparison “As a manager of an electrical distribution company you are responsible for next year’s investment portfolio. The available
budget depends on the company’s profit of the last 6 months, which is not determined yet. However, there is an estimation of the minimum, maximum and
most likely available budget. There are 250 projects available to select from.
You have to present the executive board how the investment portfolio would
look like when the minimum, maximum and most likely budget is available. All
project information is stored in the database of the Optimizer, accompanied by
the value and risk score on every Strategic Objective.”
After reading each case description participants have to fill out to what extent they
intend to use the Optimizer. Figure 4.6 shows a case description with a Likert scale
for the Behavioral Intention.
The statements related to the concepts Usefulness and Behavioral Intention can be
hard to judge when the participant has no experience with any kind of investment
portfolio optimization. The fact that all participants are students makes this effect
even more probable. In an attempt to overcome this problem the participant is
instructed to imagine that he would normally use software for portfolio optimization
that displays lists of available projects. The only functionality of these lists is the
ordering of the projects by costs, value or risk.
In addition to the items used to measure the scales, participants are asked for some
personal information and comments can be left at the end of the questionnaire.
In appendix B the complete questionnaire can be found.
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Figure 4.6: Screen shot of the test application showing a case description with a Likert
scale for the Behavioral Intention.

4.3.6

Analysis of results

When the experiment finished statistical analysis is performed by exporting the raw
data from the test application’s database and importing the data into SPSS. After the
data is prepared for analysis different tests are performed to test the hypotheses model
and uncover additional results. The analysis procedure and results are extensively
elaborated on in the next chapter.
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Results
When the experiment completed, resulting data from the test application have been
collected and imported into the statistical analysis software SPSS. This chapter presents
the findings from the statistical analysis.

5.1

General results

After the test application had been on line for 10 days, 104 logins were registered. 42
(40%) people completed the whole experimental session and 62 (60%) experimental
sessions where not completed, for unknown reasons. 40 of the 42 respondents appeared
to be useful for analysis after checking for seriousness of participation by looking at
the sessions’ timespan and likelihood of responses (two participants completed their
session in about 6 minutes and scored all questionnaire items with a 4). From the 40
useful responses, 16 (40%) were carried out by female participants and 24 (60%) by
male participants. The average age of the participants is 21.6 with a minimum age of
18 and a maximum age of 26 (SD = 2.00). On average, females (M = 22.1 years; SD
= 2.13) were slightly older than males (M = 21.3 years; SD = 1.87).
An experimental session took, on average, 24.4 minutes (minimum = 12.2 minutes;
maximum = 40.3 minutes; SD = 8.46 minutes). All participants are students doing a
Bachelor’s or Master’s program at the faculty of Economics and Business of the University of Groningen. The students are distributed over 12 programs, from which the
bachelor’s programs International Business and Management (30%) and Economics
and Business Economics (25%) were covered by 55% of all students. The Master’s

Figure 5.1: Distribution of participants based on their degree program
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program Business Administration was covered by 17% of all students. (See Figure
5.1) All students were studying for at least 1 year and at most 6 years, with the mean
lying at 2.45 year (SD = 1.34).

5.2

Perceived Usefulness

The Perceived Usefulness has been measured by a set of 10 items in a 7-point Likert
scale format. To test the internal consistency between the scale items, the Cronbach’s
Alpha of the items is calculated. The resulting score of .612 suggests a low consistency
within the items. However, this score is based on a set of 10 items and for a useful
Cronbach’s Alpha test, a scale should contain between 4 and 6 items. Therefore, the
Perceived Usefulness scale set is reduced to 6 items by leaving out 4 items. In order
to choose which items could stay and which not, the original scale items of Davis are
re-examined (Davis 1989; Venkatesh and Davis 1996; Adams, Nelson, and Todd 1992).
It appeared that some items could be eliminated without loosing relevant measures as
the original items of Davis were represented by two or more items. Eventually, while
considering the balance between ‘positive’ and ‘negative’ items, a new set of items
was defined for the Perceived Usefulness scale. This new set is also tested on internal
consistency and scored a Cronbach’s Alpha of .601. Although this is a relatively low
score, the consistency can still be qualified as sufficient. Table 5.1 shows the scale
items of the first set and the selected items of the second set.
Table 5.1: Scale items of Perceived Usefulness
Scale item in first set

In second set?

#1

Using the Optimizer would improve my task of project selection for the investment portfolio.

yes

#2

The Optimizer offers insufficient support to improve the
comparison of scenarios.

no

#3

Using the Optimizer for my task would improve my productivity.

no

#4

Using the Optimizer would have a negative influence on the
results of my project selection.

yes

#5

Using the Optimizer would increase my understanding of
the value, risk and costs of the investment portfolio.

no

#6

Using the Optimizer would improve my effectiveness of my
task.

yes

#7

Using the Optimizer would slow down my task of selecting
projects for the investment portfolio.

yes

#8

The Optimizer would make the analysis of investment portfolios for different scenarios easier.

no

#9

The Optimizer is not suited to get an overview of the risk
and value associated with the investment portfolio.

yes

#10

I think the Optimizer would be useful for portfolio investment optimization in general.

yes

Next, the difference of the Perceived Usefulness scores between the two groups is
analyzed. As a 7-point Likert scale is used for the 6 scale items, the maximum score
for Perceived Usefulness is (6 x 7 =) 42 and the minimum score is (6 x 1 =) 6. A
higher score means a higher Perceived Usefulness.
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Group 1, the experimental group for which the explanation capabilities were available,
scored a mean of 31.100 (N = 20; SD = 3.093). This is an average score of 5.183
(31.100 / 6) per scale item. Group 2, the control group for which the explanation
capabilities were not available, scored a mean of 29.750 (N = 20; SD = 3.905). For
this group the average score per scale item is 4.958 (29.750 / 6). After performing an
Independent Samples T-test the Levene’s test showed no significant difference between
the variances (p = .822). When looking at the t-test for the equality of means and
assuming equal variances, it appears that the mean difference of 1.350 (an average of
.225 per scale item) is not significant at the .05 level (t(38) = 1.212; p = .233).
Table 5.2: Mean scores on Perceived Usefulness (6 items on a 7-point Likert scale)
With
explanation
capabilities

Without
explanation
capabilities

31.100
3.093
5.183

29.750
3.905
4.958

Mean score
Standard deviation
Average score per item

Independent Samples T-test: t(38) = 1.212; p = .233
A final analysis on the Usefulness scale was meant to compare means of separate
scale items. This resulted in one significant difference between the two groups, which
existed between the mean scores of Usefulness item #7 (“Using the Optimizer would
slow down my task of selecting projects for the investment portfolio.”). Group 1 and
2 showed a mean score of respectively 5.550 (N = 20; SD = .999) and 4.850 (N =
20; SD = 1.137). An Independent Samples T-test revealed that the mean difference
of .700 was significant (.045) with a t-test score of t(38) = 2.069, assuming equal
variances (Levene’s test: p = .902). To analyze the measure of effect of the group
difference, the omega squared score is calculated and resulted in a score of ω 2 = 0.076
(7.6%). This score indicates a moderate effect.

5.3

Perceived Ease of use

The score of Perceived Ease of Use was based on a set of 12 scale items on a 7-point
Likert scale. The internal consistency between the 12 items was also tested by means
of the Cronbach’s Alpha. Although this resulted in a relatively high score of .801 this
result is not useful because of the amount of items (N = 12). As mentioned earlier, the
item set should be reduced to at most 6 and at least 4 items for a useful Cronbach’s
Alpha consistency test. Again, the original scale of Davis is re-examined to eliminate
6 items from the used item set. Here some items could also be removed without
loosing relevant measures because of duplicate items. Removing 6 items resulted in
a new scale item set that is similar to the original scale of Davis and has an equal
amount of ‘positive’ and ‘negative’ Likert scale items. The newly defined item set
for Perceived Ease of Use is tested on internal consistency resulting in a Cronbach’s
Alpha score of .717 which can be qualified as sufficiently consistent. Table 5.3 shows
the scale items of the first set and the selected items of the second set.
Since a 7-point Likert scale is also used for the 6 scale items of Perceived Ease of Use,
the maximum score is (6 x 7 =) 42 and the minimum score is (6 x 1 =) 6. Equal to
Perceived Usefulness, a higher score means a higher Perceived Ease of Use.
An analysis of the Perceived Ease of Use scores of the different groups is performed
and did not show a significant difference. For group 1 the mean lay at 30.700 (N = 20;
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Table 5.3: Scale items of Perceived Ease of Use
Scale item in first set

In second set?

#1

My interaction with the Optimizer was clear and understandable.

yes

#2

Sometimes it was unclear what the Optimizer was presenting.

yes

#3

During all tasks it was clear what input the Optimizer
needed.

no

#4

It is hard to understand how the Optimizer performs a scenario optimization.

no

#5

The guidance provided by the Optimizer was helpful.

no

#6

It would have been easier for me to use the Optimizer if it
provided more guidance.

no

#7

Interacting with the Optimizer did require a lot of mental
effort.

yes

#8

Running a scenario in the Optimizer was difficult.

no

#9

Navigating through the Optimizer was easy.

no

#10

Learning how to use the Optimizer is easy.

yes

#11

Becoming skillful at using the Optimizer is easy.

yes

#12

I found it hard to get the Optimizer do what I wanted to
do.

yes

SD = 4.269) and for group 2 at 29.100 (N = 20; SD = 5.046), which is respectively an
average score of 5.117 (30.700 / 6) and 4.850 (29.100 / 6) per scale item. The Levene’s
test for testing equality of variances showed no significant difference (p = .533). It was
therefore assumed that variances are equal in the analysis of the Independent Samples
T-test, which is performed next. The t-test for the equality of means resulted in no
significant difference between the means (1.600) of the two groups (t(38) = 1.083; p
= .286).
Table 5.4: Mean scores on Perceived Ease of Use (6 items on a 7-point Likert scale)

Mean score
Standard deviation
Average score per item

With
explanation
capabilities

Without
explanation
capabilities

30.700
4.269
5.117

29.100
5.046
4.850

Independent Samples T-test: t(38) = 1.083; p = .286
While comparing the means of separate Perceived Ease of Use scale items, two significant differences have been found between the two groups. First, item #1 (“My
interaction with the Optimizer was clear and understandable.”) showed a significant
difference between the means of group 1 (M = 5.40; N = 20; SD = 1.046) and group
2 (M = 4.70; N = 20; SD = 1.081). The Independent Samples T-test resulted in
a t-test score of t(38) = 2.081 (p = .044). The same test also showed a significant
difference between the mean scores of Perceived Ease of Use item #10 (“Learning
how to use the Optimizer is easy.”). The group 1 mean score was lying at 6.100 (N
= 20; SD = .641) and the mean score of group 2 was lying at 5.450 (N = 20; SD =
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1.234). The t-test for the mean difference of .650 resulted in a score of t(28.55) =
2.090 with p = .046. Levene’s test for equality of variances implied that for item #1
equal variances had to be assumed (p = 1.000). The same test showed for item #10
that equal variances could not be assumed (.029). Finally, the omega squared score
is calculated to examine the measure of effect of both differences. Both scores, ω 2 =
0.077 (7.7%) for item #1 and ω 2 = 0.078 (7.8%) for item #10, indicate a moderate
effect.

5.4

Behavioral Intention

To test the effect of explanation capabilities on the Behavioral Intention of the participants a Repeated Measures Analysis of Variance is performed. This procedure
can be used to analyze the effect of within-subjects and between-subjects factors
when repeated measures are used. The within-subjects factor is the Behavioral Intention score which is repeatedly measured by means of the 3 case descriptions. The
between-subjects factor is the group to which the subjects are assigned (experimental
or control group). In order to do a proper analysis it is required that ‘Sphericity’ of
the model can be assumed. A Mauchly’s Test of Sphericity resulted in a Mauchly’s
W of .867 with p = .072. Since the significance is higher than .05 (p = .072 > .05)
sphericity can be assumed. In order to test another assumption the within-subjects
effect is checked. All tests of within-subjects effects showed no significant effect on
the model so this assumption is also met. Next, the test of between-subjects effect is
performed to analyze the effect of explanation capabilities on Behavioral Intention.
This resulted in a score of F(1,38) = 4.956 with p = .032. From these results it can
be stated that a significant difference exists between the Behavioral Intention scores
of the two groups at the .05 level (p = .032 < .05). The measure of effect is calculated
from the Partial Eta Squared (.115). This resulted in a measure of effect of 11.5%
(.115 * 100) which can be classified as a moderate effect. The effect can further be
examined by looking at the profile plot, which is shown in figure 5.2.

Figure 5.2: Behavioral Intention profile plot
The profile plot shows that for all three cases the Behavioral Intention score is higher
for the experimental group with explanation capabilities than for the control group
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without explanation capabilities. Furthermore, from the profile plot it can be seen
that for group 1 the scores are equal for cases 1 and 3, and the score drops for case 2.
Looking at group 2 the Behavioral Intention score increases between cases 1 and 2 but
stays equal between cases 2 and 3. Those scores suggest that there is no significant
change over the cases for both groups. This can also be concluded from the fact that
none of the Multivariate Tests showed a significant change over the cases.
Next, to check the effect of explanation capabilities on each Behavioral Intention case
separately a set of t-tests are performed. As a 7-point Likert scale is used for each
scale item of Behavioral Intention, the maximum score for each individual case is 7
and the minimum score is 1. A higher score represents a higher Behavioral Intention.
First, the mean scores on the first Behavioral Intention case are compared. This case
described the use of the Optimizer in a basic constraint situation. For group 1 the
mean score was 5.750 (N = 20; SD = .639), and for group 2 the mean score was 4.950
(N = 20; SD = 1.356). The difference between the variances was significant (p =
.008) so for the Independent Samples T-test equal variances were not assumed. The
t-test for equality of means scored t(27.03) = 2.387 for a mean difference of .800. This
difference was significant at the .05 level (p = .024). Subsequently, the omega squared
score was calculated to analyze the measure of effect. This resulted in a score of ω 2
= 0.105 (10.5%) indicating a moderate effect.
For the second case of Behavioral Intention (‘Advanced parameters’) the mean score
was 5.35 (N = 20; SD = 1.089) and 5.15 (N = 20; SD = 1.226) for respectively group 1
and group 2. The mean difference of .200 was not significant (t(38) = .545; p = .589),
assuming equal variances (p = .747). The third Behavioral Intention case (‘Scenario
comparison’) did not show a significant difference between the mean scores either.
Group 1 scored a mean of 5.75 (N = 20; SD = .910) and group 2 had a mean score
of 5.15 (N = 20; SD = 1.089). Equal variances were assumed after a Levene’s Test
for equality (p = .332). The Independent Samples T-Test resulted in a t(38) = 1.890
score with a significance of p = .066.
Table 5.5: Mean scores on Behavioral Intention cases (7-point Likert scale)
With
explanation
capabilities

Without
explanation
capabilities

Mean score case 1 (‘Basic constraints’)
Standard deviation

5.750
.639

4.950
1.356

Mean score case 2 (‘Advanced parameters’)
Standard deviation

5.35
1.089

5.15
1.226

Mean score case 3 (‘Scenario comparison’)
Standard deviation

5.75
.910

5.15
1.089

Independent Samples T-tests:
Item #1: t(38) = 2.387; p = .024
Item #2: t(38) = .545; p = .589
Item #3: t(38) = 1.890; p = .066

5.5

Correlations

The next analysis of the experimental data is concerned with correlations between
different variables. For testing correlations the Pearson Correlation Coefficient is
used as a measure of the linear correlation between two variables.
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First, the correlations between the Perceived Usefulness scale and the individual Behavioral Intention items were tested. The results showed a weak positive correlation
between Perceived Usefulness and Behavioral Intention case 1 ‘Basic constraints’ (r
= .432; N = 40). This correlation is significant at the .01 level (2-tailed). The other
Behavioral Intention items showed no correlation with Perceived Usefulness (see Table 5.6). Analyzing scatter plots of the tested correlations did not reveal any outliers
or possible non-linear correlations.
Next, the same correlation tests are performed for the Perceived Ease of Use scale
and the individual Behavioral Intention items. These tests revealed a weak positive
correlation between Perceived Ease of Use and Behavioral Intention case 1 ‘Basic
constraints’ (r = .348; N = 40), and between Perceived Ease of Use and Behavioral
Intention item case 3 ‘Scenario comparison’ (r = .342; N = 40). Both correlations are
significant at the .05 level (2-tailed). No correlation has been found between Perceived
Ease of Use and Behavioral Intention case 2 ‘Advanced parameters’ (see Table 5.6).
For all of these tested correlations no outliers or possible non-linear correlations were
found after examining scatter plots.
Finally, the correlation between Perceived Usefulness and Perceived Ease of Use was
tested and showed a weak positive correlation of r = .364 (N = 40;), which was
significant at the .05 level (2-tailed). A scatter plot of this correlation did not show
any outliers or possible correlation that is non-linear. The results of all correlation
tests are displayed in table 5.6.
Table 5.6: Correlations between Usefulness, Ease of Use and Behavioral Intention
scale items
Perceived
Perceived
Usefulness Ease of Use
Behavioral Intention case 1 (‘Basic constraints’)
Behavioral Intention case 2 (‘Advanced parameters’)
Behavioral Intention case 3 (‘Scenario comparison’)
Perceived Ease of Use

.432**
.049
.142
.364*

.348*
.224
.342*
-

*: p < .05; **: p < .01

5.6

Other results

The time that was needed for a participant to complete the tasks with the Optimizer
has been stored for each experimental session. The test application measured a minimum of 6.72 minutes, a maximum of 22.70 minutes and a mean of 12.60 minutes (N
= 40; SD = 4.35 minutes) for this variable. An analysis of the means of the experimental and control groups did not show a significant difference. The mean of group
1 was lying at 12.65 minutes (N = 20; SD = 4.30 minutes), and the mean of group
2 at 12.56 minutes (N = 20; SD = 4.51 minutes). An Independent Samples T-test
showed a score of t(38) = .063 (p = .950) for the mean difference of .088 minutes.
Equal variances were assumed as a Levene’s test for equality of variances resulted in
no significant difference (p = .737).
Another variable that has been stored for each experimental session is the amount
of correct answers provided by the participant while performing the tasks with the
Optimizer. As there were 5 questions to answer the maximum possible score was
5 correct answers. The mean score was 3.85 with a standard deviation of 1.350 (N
= 40). 16 (40%) of the 40 participants scored the maximum score, and one (2.5%)
participant was not able to provide a single correct answer. An Independent Samples
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T-test is also performed on this variable. Levene’s test for equality of variances
showed a significant difference (.003) so it could not be assumed that the variances
are equal. The t-test for equality of means revealed that the mean difference of .300
is not significant (t(30.71) = .698; p = .490).

5.7

Hypotheses

The results from the statistical analysis are used to test the hypothesis model.
H1. Implementation of explanation capabilities in a BI DSS results in a higher Perceived Usefulness.
When looking at the results of the Perceived Usefulness the scores were on average
slightly higher for the experimental group (M = 5.2 vs. M = 5.0). However, the difference found between the experimental group and the control group is not significant.
This means that, according to the experiment conducted in this study, implementation of explanation capabilities does not result in a higher Perceived Usefulness of a
BI DSS.
H2. Implementation of explanation capabilities in a BI DSS results in a higher Perceived Ease of Use.
The second hypothesis cannot be confirmed in this experiment either. Although the
group that used the Optimizer with explanation capabilities showed an average Perceived Ease of Use score of 5.1 and the control group showed a score of 4.9, the
difference is not significant. From this result, it can be concluded that the Perceived
Ease of Use is not positively influenced by the implementation of explanation capabilities in BI DSSs.
H3. Implementation of explanation capabilities in a BI DSS results in a higher Behavioral Intention.
The analysis of the Behavioral Intention scores revealed a significant effect of explanation capabilities on the scores. Although the differences were small, the scores were
in all three cases higher for the experimental group compared to the control group.
Therefore the experiment shows that the third hypothesis can be accepted. Hence,
implementation of explanation capabilities results in a higher Behavioral Intention.
H4a. Perceived Usefulness is positively correlated with the Behavioral Intention of
users of a BI DSS.
H4b. Perceived Ease of Use is positively correlated with the Behavioral Intention of
users of a BI DSS.
The correlations could not be properly tested because, in order to calculate a Behavioral Intention measure, the Behavioral Intention scale consists of too less items.
However, the correlation between the individual scale items and Perceived Usefulness
and Perceived Ease of Use were tested. This analysis showed a significant positive
correlation between Perceived Usefulness and Behavioral Intention case 1 (‘Basic constraints’). The other two scale items did not correlate at all. The same analysis is
performed on Perceived Ease of Use and revealed a weak positive correlation with
Behavioral Intention cases 1 (‘Advanced parameters’) and 3 (‘Scenario comparison’).
From a strict point of view, both the H4a and H4b hypotheses cannot be accepted
nor rejected, although some correlations have been found.
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Chapter 6

Conclusion
This chapter will reflect on the outcomes of the literature study and the experiment.
Answers to the research questions will be provided and the results of the experiment
are used to see whether the hypotheses are supported.
What kind of explanation capabilities do exist and how can they be implemented?
This research question was formulated in order to get an overview of what explanation capabilities techniques exist, what information they provide, how they work, how
they look like, and how they can be implemented in a DSS. Literature study gave
an insight in assumptions on explanations in general and how explanations could be
applied effectively in Intelligent Systems. The most relevant information for this research question could be retrieved from the framework presented by Gönül, Önkal,
and Lawrence (2006). The classification on three dimensions presented interesting details of techniques and implementations. First, the classification on three dimensions
showed the different content types: reasoning/trace, justification, strategic/control,
and terminological explanations. Second, the provision mechanism dimension categorized explanations by user-invoked, automatic and intelligent explanations. Third, the
presentation format dimension distinguished text-based and multimedia explanations.
Another classification by Gregor and Benbasat (1999) identified explanation capabilities as being either generic or case-specific. Finally, Gönül, Önkal, and Lawrence
(2006) also described the different roles of explanation capabilities, which are explaining a perceived anomaly, supplying extra knowledge, and facilitate learning from the
system.
The information gained from answering this research question could be used for answering the next research question.
How can explanation capabilities increase the User Acceptance of Intelligent Systems
in general?
Knowing the possibilities of explanation capabilities is not sufficient to maximize the
User Acceptance of a BI DSS. It is also necessary to know what the most effective
techniques are. As there is little information on effective use of explanation capabilities
in DSSs (especially BI DSSs), effective explanation approaches in Intelligent Systems
in general are investigated.
It is found that users will adopt and use a DSS only if they perceive it as a useful and
easy to use tool. Multiple studies showed that explanations can increase the ease of use
and usefulness, resulting in the acceptance of the system. Another study concluded
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that understandable system output, like explanations, could increase the usability
of an Intelligent System. The most effective methods for explanation capabilities
are justification and terminological type of explanations. Additionally, automatic
provision is argued to be the most effective technique as it reduces the cognitive effort
needed to access the explanations to a minimum. For the presentation format it
is suggested to follow general rules for interface design due to the lack of empirical
evidence for recommending one specific method.
In order to implement an effective explanation mechanism in the test application, the
findings from answering the second research question are use in the design of the test
application.
Do explanation capabilities in a Business Intelligence Decision Support System increase Behavioral Intention?
The third research question is needed to empirically test whether explanation capabilities do have a positive effect on the Behavioral Intention towards Business Intelligence
Decision Support System. Results from the experiment are used to find out whether
the constructed hypothesis model is supported. When focusing on the hypothesis
model, three major conclusions can be drawn from the analysis of the results. First,
Behavioral Intention is positively influenced by explanation capabilities and the measure of effect appeared to be moderate. Second, the implementation of explanation
capabilities does not result in a higher Perceived Usefulness of a BI DSS. Third,
explanation capabilities have no positive effect on the Perceived Ease of Use either.
The correlation between Perceived Usefulness and Behavioral Intention, and Perceived
Ease of Use and Behavioral Intention is interesting for checking the applicability of the
Technology Acceptance Model on the current research. The Perceived Usefulness and
Perceived Ease of Use appear to be positively correlated with Behavioral Intention
for basic usage of the Optimizer. Perceived Ease of Use is also positively correlated
with Behavioral Intention for more advanced Optimizer usage, i.e. in situations where
different scenarios need to be compared. It should be kept in mind, however, that this
experiment does not show the causal direction of the correlations. These results show
that the Technology Acceptance Model could only be applied in some situations.
When looking at the Behavioral Intention in general, it can be concluded that explanation capabilities in a Business Intelligence Decision Support System increase the
Behavioral Intention, and therefore indirectly User Acceptance.
Can explanation capabilities increase the User Acceptance of a Business Intelligence
DSS?
In this research an answer to the main research question was attempted to find.
A literature study was conducted, related work has been studied, and finally an
experiment was performed to reach this goal. From the results from the experiment
it can be concluded that explanation capabilities increase the User Acceptance of a
Business Intelligence DSS. This conclusion is in line with the expectations based on
related work.
According to this study it is advised to implement explanation mechanisms in Business Intelligence DSSs for increased usage. For the specific case of the UMS Group
Optimizer this means that when the system explains to the user what it exactly does
and how reports should be interpreted, User Acceptance and thus usage will increase.
However, the design of the explanation mechanism should be carefully chosen in order
to maximize the effectiveness. Main design aspects that require focus are the type of
explanations and the provision techniques. Justification and terminological type of
explanations, and automatic provision appear to be most effective.
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Chapter 7

Discussion
In this final chapter the current study is discussed and suggestions for future work
are provided.
The results of the experiment show that facilitating explanation capabilities in a BI
DSS increases the User Acceptance. Although the measure of effect of the explanations was small, the results are in accordance with previous research on use of
explanations in information systems. By explicitly focusing on Business Intelligence
DSSs this study contributes to a better understanding of system design and system
usage within a special field of the DSS domain. It also provides an overview of the
possibilities of explanation capabilities and how these possibilities can be effectively
applied. Although the study was not focused on creating this overview, this report can
serve as a guideline for the design of user interfaces in which explanation capabilities
are implemented.
When looking at Perceived Usefulness and Perceived Ease of Use, the results did not
confirm that those are positively influenced by explanation capabilities. The TAM
model describes these two as determinants of Behavioral Intention (Davis 1989). Since
Behavioral Intention was positively influenced by explanations and the determinants
were not, the TAM model appears not to be applicable in this research. This could
mean that in this context other determinants exist for Behavioral Intention, which is
also assumed in the TAM2 and UTAUT models (Venkatesh and Davis 2000; Venkatesh
et al. 2003). From the users perspective it means that they do not perceive a higher
usefulness and higher ease of use but they do have a higher intention to use the BI
DSS when it provides explanation capabilities. Unfortunately it is not clear from this
study what specifically drives them to use the system. Other user acceptance models
could be used in future research to reveal the determinants of Behavioral Intention
within a context comparable with this research.
Furthermore, when focusing on individual scale items some significant differences can
be identified. One Perceived Usefulness scale item that represented the perceived
efficiency of using the Optimizer, resulted in a higher score for users for whom the
explanation capabilities were available. Two other significant differences have been
found within the items of the Perceived Ease of Use scale. One item represented the
understandability of the Optimizer and was scored higher by the experimental group.
The other represented the ease of learning of the Optimizer and also showed a higher
score for users that used the test application with explanation capabilities. Efficiency,
understandability and ease of learning are three major components of the TAM scale
set. This suggests that explanation capabilities have a positive effect on these three
important usability factors. However, more detailed research is needed to confirm
these findings.
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Separate cases were also tested to find out whether the effect of explanation capabilities on Behavioral Intention is different for specific Optimizer usage. This resulted in
some interesting differences and correlations. The score of one of the three Behavioral
Intention cases was significantly higher for the users of the experimental group. This
case described basic Optimizer usage. The other two items represented respectively
a situation in which advanced parameters are set in the Optimizer, and a situation
in which different scenarios need to be compared. In the last two cases explanation
capabilities had no influence on the Behavioral Intention of users. As the first case
described basic usage of the Optimizer, and the second and third more advanced usage, these results suggest that the effect of explanation capabilities is influenced by
the degree of complexity of usage. Although this seems to be an interesting result,
the effect was not found in further analysis of the case measures. An experiment
specifically designed for measuring this effect can possibly provide better insights in
usage complexity and explanations effectiveness.
Besides information from the questionnaire there were also two variables measured for
each participant: the time needed to perform the tasks, and a score for the provided
answers during the tasks. Both variables did not show significant differences between
the two groups. It should be noted, however, that the experimental group was presented with more text to read by means of the explanations. This could mean that
participants from this group needed more time to read and less time to perform the
tasks. Still, it is hard to tell whether the explanations contribute to more efficiency
because they could cause the user to spend more time on reading and interpreting
the explanations. The second variable (score) is an indication of the performance of
the participants on interpreting system output. A low score could mean that the participant did not understand the system output. Although low and high scores were
evenly distributed among the two groups and their means did not significantly differ,
the perceived understandability of the experimental group was higher, as mentioned
above. From this it can be said that the explanation capabilities did not contribute
to a higher understandability of the system output but it did positively influence the
users’ perception on whether they understood the output. This could lead to higher
user acceptance although the performance is not increased by the explanations.
Participants were also asked to leave any comments they had after completing the
experimental session. The most interesting and relevant comments are listed below:
“I think that the Optimizer is a helpful tool in making portfolio investment
decisions as it provides quick results and a clear overview of different
scenarios. The results were not always clear at first glance, but were easier
to understand once the Optimizer provided an additional explanation.”
Besides the fact that this participant thinks the Optimizer is a helpful tool, it is more
interesting to look at the last part of this comment. The participant clearly benefited
from the provided explanations in a way that made her understand the system output
better.
Some criticizing notes were left by three other participants.
“I would make the assessment of risk and value more accessible to the
user. Now it functions as a ’black box’, and I would not like to depend on
the results of a black box when making important strategic decisions.”
“It is too unclear what the optimizer does. It’s only numbers, and no
stories behind the numbers.”
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“I want/ need more information and feedback of the program on how it’s
selects (i.e. more transparency), because I don’t trust the selection that
it makes as it is now.”
These three comments are all concerned with the transparency of the Optimizer. The
conclusion that can be drawn from these user experiences is that users tend to dislike
a system when it is unclear what it does under the hood. The fact that the first
participant was in the experimental group, shows that the provided explanations did
not overcome the lack of transparency for at least one user. From this finding it can
be advised to take the transparency of the system into consideration when designing
and implementing explanation capabilities.
“I think the Optimizer will improve work efficiency but also increases the
risk that employees focus to much on working with the Optimizer. There
actual work skills and judgment skills might decrease.”
This last comment is more focused on the Optimizer itself, and DSSs in general. In the
context of this study it is not relevant for the main research question. However, when
shifting the focus to a higher level of design issues of DSSs, it is a useful comment as
it emphasizes the general idea that a DSS should be a tool to support and not replace
the decision maker.
Next, some issues should be taken into consideration concerning the experimental
setup of this research. First, students are not completely representative for the entire
population of managers and professionals whose User Acceptance is attempted to
model. These students are younger and probably more computer literate than the
targeted population. Hence, Ease of Use may have been less an issue for this sample
than it would have been for managers and professionals. Furthermore, students might
have none or little experience in the industry and are therefore not able to provide
a proper judgment by a lack of reference. A field study with actual managers and
professionals is therefore a better approach and can improve the generalizability of
the results.
Another problem might be the homogeneity of the group of participants. As differences in study programs and differences in study years existed, it is highly probable
that the participants did not have an equal knowledge level. This could cause differences in the Perceived Usefulness, Perceived Ease of Use, and Behavioral Intention.
Although it would be hard to find a group of professionals with equal background
knowledge and skills, it could potentially increase the validity of future experiments.
The intensity of actual usage of the test application could also have had some effect on
the results. It is questionable whether participants are able to judge their Perceived
Usefulness, Perceived Ease of Use and Behavioral Intention after performing just a
couple of tasks. Results can be more representative when participants use the (test)
application more intensely. This can be achieved by letting them perform more tasks
or by letting them perform the same tasks more frequently (with some interval).
Another remark could be that the test application was too light weight to represent a
‘real’ BI DSS used in the industry. In general this can influence the intention to use
the system. More specifically, when an application is very easy to use, explanation
capabilities are not needed and will therefore not influence the User Acceptance. A
very basic application can also negatively affect the Perceived Usefulness in such a
way that it eliminates the effect of explanation capabilities. It is therefore recommended to use a fully functional BI DSS and implement explanation capabilities for
the experiment.
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Besides the problems concerning the participants and test application of the experiment there is also an issue regarding the measurement of Behavioral Intention. The
used approach, where a single scale item was used for measuring Behavioral Intention
in three cased, might not be ideal for measuring the effect of the explanation capabilities. This approach made it impossible to use the same statistical test as used for
Perceived Usefulness and Perceived Ease of Use. Furthermore, with the approach it
was not possible to measure the correlations between the Behavioral Intention scale
and its determinants. These issues could partly be resolved by performing a Repeated Measures Analysis of Variance, and analyze the correlations for each scale
item individually. However, a better scale set for Behavioral Intention is desired.
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Appendix A

Test application screenshots

Figure A.1: The login screen of the test application
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Figure A.2: Welcome screen

Figure A.3: An introduction screen shows up when the participant starts the experiment.
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A. Test application screenshots

Figure A.4: Screenshots of the Optimizer in the introduction

Figure A.5: Description of the tasks.
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Figure A.6: Description of task 1.

Figure A.7: When the participant starts the first task the Optimizer overview screen
shows up.
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A. Test application screenshots

Figure A.8: The first step of a scenario run: setting the budget for the scenario. The
green box on the right displays an explanation of the step.

Figure A.9: Step 2: setting the Strategic Objectives weightings.
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Figure A.10: Hovering over the Information icon opens a tooltip with information
about the consistency check. This general information was available for both the
experimental and control group.

Figure A.11: Clicking the ‘How to use this’ link opens a pop-up with information
about the interface and procedure. This general information was also available for
both groups.
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A. Test application screenshots

Figure A.12: Step 3: value optimization. No projects are selected yet.

Figure A.13: The value optimization process has been started by the user. The
process takes less than 10 seconds.

65

Figure A.14: The value optimization process has finished. 9 projects are selected.

Figure A.15: The selected projects are now listed.
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A. Test application screenshots

Figure A.16: Step 4: risk optimization. After the process the resulting project selection is displayed.

Figure A.17: Step 5: contrast projects. The two lists of projects from the previous
steps are contrasted. In this case it resulted in 1 project.
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Figure A.18: Step 6: optimize remaining. In this step an optimization of the remaining projects is performed.

Figure A.19: Step 7: The results of the scenario optimization run.
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A. Test application screenshots

Figure A.20: Description of task 2.

Figure A.21: The overview screen with an added link to the optimization report.
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Figure A.22: The optimization report with the results and the selected projects. The
green box on the right provides explanations about the report.

Figure A.23: The small charts can be clicked to view a larger version.
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A. Test application screenshots

Figure A.24: Chart of the absolute portfolio value per Strategic Objective. Explanation are shown for the experimental group. The explanations provide a description of
the chart and an example analysis.

Figure A.25: Chart of the relative portfolio value per Strategic Objective.
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Figure A.26: The overall risk matrix shows how many projects are selected and not
selected per risk level.

Figure A.27: The risk/costs histogram how much the selected projects cost per risk
level. It also shows how much all projects would cost.
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A. Test application screenshots

Figure A.28: In task 2 the participant was asked to answer some questions.

Figure A.29: Description of task 3.
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Figure A.30: Task 4 consists of some questions about the second optimization report.

Figure A.31: Completing the tasks brings the participant to the questionnaire.
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A. Test application screenshots

Figure A.32: After some general questions, 7-point Likert scale items needed to be
filled out.

Figure A.33: Additional instructions for clarification.
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Figure A.34: The last three questions were based on a case description.

Figure A.35: The participant could leave any comments and submit the questionnaire
by clicking ‘next’.
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A. Test application screenshots

Figure A.36: The application thanks the participant for his participation and asks to
fill out his email address.

Figure A.37: When the experiment is completed, the data is stored and the participant
is logged out automatically.
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Appendix B

Questionnaire
To finish this experiment you are asked to fill out the following questionnaire as good
as possible. It will take about 10 minutes.
General
1. What is your gender?
2. What is your age?
3. What are you studying?
4. For how many years?
The following items present statements related to the Optimizer. You can answer
these items by indicating to what extend you agree or disagree with the statement.
Understandability
5. My interaction with the Optimizer was clear and understandable.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

6. Sometimes it was unclear what the Optimizer was presenting.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

7. During all tasks it was clear what input the Optimizer needed.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

8. It is hard to understand how the Optimizer performs a scenario optimization.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O
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Ease of use
9. The guidance provided by the Optimizer was helpful.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

10. It would have been easier for me to use the Optimizer if it provided more guidance.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

11. Interacting with the Optimizer did require a lot of mental effort.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

12. Running a scenario in the Optimizer was difficult.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

13. Navigating through the Optimizer was easy.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Ease of learning
14. Learning how to use the Optimizer is easy.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

15. Becoming skillful at using the Optimizer is easy.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

16. I found it hard to get the Optimizer do what I wanted to do.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

While answering the next items you have to keep the imaginary case of the electrical
distribution company in mind. Try to imagine how you would answer the statements
below if you were the manager responsible for selecting projects for the investment
portfolio. Instead of using the Optimizer, you would normally use software that
displays lists of available projects ordered by costs, value or risk.
Performance
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17. Using the Optimizer would improve my task of project selection for the investment
portfolio.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

18. The Optimizer offers insufficient support to improve the comparison of scenarios.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

19. Using the Optimizer for my task would improve my productivity.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

20. Using the Optimizer would have a negative influence on the results of my project
selection.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

21. Using the Optimizer would increase my understanding of the value, risk and costs
of the investment portfolio.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Effectiveness and efficiency
22. Using the Optimizer would improve my effectiveness of my task.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

23. Using the Optimizer would slow down my task of selecting projects for the
investment portfolio.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

24. The Optimizer would make the analysis of investment portfolios for different
scenarios easier.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

25. The Optimizer is not suited to get an overview of the risk and value associated
with the investment portfolio.
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Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

26. I think the Optimizer would be useful for portfolio investment optimization in
general.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Intentions
Evaluate the following cases and try to indicate whether you would use the Optimizer
if you were the manager in each case. Instead of using the Optimizer, you would
normally use software that displays lists of available projects ordered by costs, value
or risk.
Case 1:
As a manager of an electrical distribution company you are responsible for next year’s
investment portfolio. Due to the economic turndown there is a smaller budget available than last years. There are 100 projects to select from and the budget can approximately cover 25% of the projects. You have to present next year’s investment
portfolio to the executive board and make clear how the economic turndown affects
the project selection.
27. If I have access to the Optimizer, I intend to use it in this case.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Case 2:
As a manager of an electrical distribution company you are responsible for next year’s
investment portfolio. You have to choose from 150 available projects and the budget
can cover approximately 80% of all projects. The executive board asks you to present
the best selection of projects in order to maximize value and minimize risk. They are
especially interested in how value and risk are affected by choosing different relative
Strategic Objective weightings.
28. If I have access to the Optimizer, I intend to use it in this case.
Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Case 3:
As a manager of an electrical distribution company you are responsible for next year’s
investment portfolio. The available budget depends on the company’s profit of the
last 6 months, which is not determined yet. However, there is an estimation of
the minimum, maximum and most likely available budget. There are 250 projects
available to select from. You have to present the executive board how the investment
portfolio would look like when the minimum, maximum and most likely budget is
available.
29. If I have access to the Optimizer, I intend to use it in this case.
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B. Questionnaire

Strongly
disagree
O

Disagree
O

Slightly
disagree
O

Neutral
O

Slightly
agree
O

Agree
O

Strongly
agree
O

Comments
30. You can leave any comments here:
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Appendix C

SPSS Output
C.1

Perceived Usefulness
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C.1 Perceived Usefulness
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C. SPSS Output

C.2

Perceived Ease of Use
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C.2 Perceived Ease of Use
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C. SPSS Output

C.3

Behavioral Intention
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C.3 Behavioral Intention
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C. SPSS Output

C.4

Correlations
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C.5 Other results

C.5

92

Other results

C. SPSS Output
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